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Agriculture and food security are interlinked. New technologies and instruments are
making the agricultural system easy to operate and increasing the food production. Remote
sensing technology is widely used as a non-destructive method for crop growth monitoring,
climate analysis, and forecasting crop yield. The objectives of this study are to (1) monitor crop
growth remotely, (2) identify climate impacts on crop yield, and (3) forecasting crop yield. This
study proposed methods to improve crop growth monitoring and yield predictions by using
remote sensing technology. In this study, we developed crop vegetative growth metrics (VGM)
from the MODIS (Moderate Resolution Imaging Spectroradiometer) 250m NDVI (Normalized
Difference Vegetation Index) and EVI (Enhanced Vegetation Index) data. We developed 19
NDVI and EVI based VGM metrics for soybean crop from a time series of 2000 to 2018, but the
methods are applicable to other crops as well. We found VGMmax, VGM70, VGM85, VGM98T
are about 95% crop yield predictable. However, these metrics are independent of climatic events.
We modelled the climatic impacts on soybean crop from the time series data from1980-2019
collected from NOAA’s National Climatic Data Center (NCDC). Therefore, we estimated the
impacts of increase and decrease of temperature (maximum, mean, and minimum) and

precipitation (average) pattern on crop yields which will be helpful to monitor climate change
impacts on crop production. Lastly, we made crop yield forecasting statistical model across
different climatic regions in USA using Google Earth Engine. We used remotely sensed MODIS
Terra surface reflectance 8-day global 250m data to calculate VGM metrics (e.g. VGM70,
VGM85, VGM98T, VGM120, VGMmean, and VGMmax), MODIS Terra land surface
temperature and Emissivity 8-Day data for average day-time and night-time temperature and
CHIRPS (Climate Hazards Group Infra-red Precipitation with station data) data for precipitation,
from a time series data of 2000-2019. Our predicted models showed a NMPE (Normalized
Mean Prediction error) with in a range of -0.002 to 0.007. These models will be helpful to get an
overall estimate of crop production and aid in national agricultural strategic planning. Overall,
this study will benefit farmers, researchers, and management system of U.S. Department of
Agriculture (USDA).

DEDICATION
This dissertation is dedicated to my parents for bringing me to this earth. I am grateful to
my lovely mother for supporting me all the time. She is my inspiration to overcome many
struggles and challenges in my life.

ii

ACKNOWLEDGEMENTS
I acknowledge the support and love from the Department of Geosciences of Mississippi
State University and for giving me the opportunity to enroll in the Ph.D. program in Earth and
Atmospheric Science with the financial support for three years as a graduate teaching assistant to
complete this program. I am grateful to my major supervisor Dr. Qingmin Meng for guiding me
to complete my research successfully. I would like to give thanks to my supporting Ph.D.
committee members Dr. Jenny Du, Dr. Shrinidhi Ambinakudige, and Dr. Jia Yang. I am thankful
to the head of the department of Geosciences Dr. John C. Rodgers for his friendly advice to me
as a graduate student to live and work efficiently. I am grateful to Dr. Renee Clary and Dr.
Andrew Mercer, graduate coordinators, for giving me suggestions and sharing all the information
that is necessary and required for a student. I also would like to give thanks to John Morris,
instructor, and GIS support coordinator, for his excellent technical support and for helping me to
install software during my academic period. I am thankful to all my family and friends to support
me during my Ph.D. program, and successfully completing it.

iii

TABLE OF CONTENTS
DEDICATION ................................................................................................................................ ii
ACKNOWLEDGEMENTS ........................................................................................................... iii
LIST OF TABLES ......................................................................................................................... vi
LIST OF FIGURES ..................................................................................................................... viii
CHAPTER
I.

INTRODUCTION .............................................................................................................1

II.

USE TIME SERIES NDVI AND EVI TO DEVELOP DYNAMIC CROP GROWTH
METRICS FOR YIELD MODELING .............................................................................4
Literature Review ..............................................................................................................4
Materials and Methods ......................................................................................................7
Study area ....................................................................................................................7
Data Collection ............................................................................................................9
Crop growth phases ...................................................................................................10
Design NDVI and EVI based growth metrics ...........................................................12
Data processing .........................................................................................................13
Statistical Analysis ..........................................................................................................15
Result and Discussions ....................................................................................................16
Yield analysis ............................................................................................................16
Crop growth metrics comparison ..............................................................................17
Modeling of crop yields with NDVI- and EVI-based growth metrics ......................22
Cross-validation assessments ....................................................................................26
Conclusion .......................................................................................................................28

III.

MODELING THE IMPACT OF CLIMATE CHANGES ON CROP YIELD:
IRRIGATED VERSUS NON-IRRIGATED ..................................................................31
Literature Review ............................................................................................................31
Study area ........................................................................................................................34
Data Collection and Processing .......................................................................................36
Statistical Modelling ........................................................................................................37
Results .............................................................................................................................41
Descriptive data analysis ...........................................................................................41
iv

Temperature Trend ..............................................................................................41
Precipitation trend ...............................................................................................43
Yield Trend ..........................................................................................................44
Multicollinearity of the Predictor variables .........................................................46
Regional crop modeling for a 10-year period............................................................46
Local crop modeling for agricultural districts in Mississippi ....................................53
Regional crop modeling for the whole Mississippi state...........................................60
Facts/ Hypothesis of regional climate change impact models for crop yield ............62
Discussions ......................................................................................................................66
Conclusion .......................................................................................................................68
IV.

A REMOTE SENSING APPROACH FOR CROP YIELD FORECASTING ACROSS
DIFFERENT CLIMATIC REGIONS IN USA USING GOOGLE EARTH ENGINE..69
Literature Review ............................................................................................................69
Study area ........................................................................................................................71
Materials and Methods ....................................................................................................72
Data collection ...........................................................................................................72
Data Processing on GEE platform .............................................................................73
Model Algorithm and Evaluation ..............................................................................76
Results .............................................................................................................................78
Yield analysis for climatic regions ............................................................................78
Vegetative metrics and climatic factors for the climatic regions ..............................79
Modeling Soybean yield with vegetative metrics and climatic factors .....................82
Cross-Validation of the models .................................................................................84
General application of crop yield prediction model ..................................................85
Discussions ......................................................................................................................86
Conclusion .......................................................................................................................87

V.

SUMMARY ....................................................................................................................88

REFERENCES ..............................................................................................................................92
APPENDIX
A.

DATA TABLES ............................................................................................................101

v

LIST OF TABLES
Table 2.1

The description of 19 NDVI- and EVI-based soybean growth metrics, 2000
to 2018. .......................................................................................................................12

Table 2.2

Best NDVI- and EVI-based growth metrics for crop yields in Mississippi
Delta. ..........................................................................................................................24

Table 2.3

The general fit model result for NDVI and EVI metrics with soybean yield
for Mississippi Delta...................................................................................................26

Table 2.4

The values of normalized mean absolute error, normalized mean prediction
error, and normalized root mean squared error for NDVI and EVI metrics for
yield cross-validated model ........................................................................................28

Table 1.1

The intercept and slope of linear and multilinear models for each 10- year
period from time series of 1980-2019 for irrigated county of Mississippi.................49

Table 3.2

The best fitted linear and multilinear models for each 10- year period from
time series of 1980-2019 for irrigated counties in Mississippi. .................................50

Table 3.3

The intercept and slope of linear and multilinear models for each 10- year
period from time series of 1980-2019 for non-irrigated county of Mississippi. ........51

Table 3.4

The best fitted linear and multilinear models for each 10-year period from
time series of 1980-2019 for non-irrigated county of Mississippi. ............................52

Table 3.5

The intercept and slope of linear and multilinear models for time series of
1980-2019 for irrigated agricultural districts of Mississippi. .....................................55

Table 3.6

The best fitted linear and multilinear models for time series of 1980-2019 for
irrigated agricultural districts of Mississippi. .............................................................56

Table 3.7

The intercept and slope of linear and multilinear models for time series of
1980-2019 for non-irrigated agricultural districts of Mississippi...............................57

Table 3.8

The best fitted linear and multilinear models for time series of 1980-2019 for
non-irrigated agricultural districts of Mississippi.......................................................59

Table 3.9

The intercept and slope of linear and multilinear models for irrigated and
non-irrigated zone of Mississippi of 1980-2019 period. ............................................61
vi

Table 3.10 The best fitted linear and multilinear models for irrigated and non-irrigated
zone of Mississippi of 1980-2019 period. ..................................................................62
Table 1.1

Yield prediction model for Each climatic region of USA for Soybean crop. ............83

Table 4.2

The cross-validation results of the best models for the climatic zones of USA. ........84

Table A.1 Details date and algorithm for VGM metrics calculation ........................................102
Table A.2 Table A.2 The results of Mann-Kendal test for the Tmin, Tmean, Tmax,
Precipitation, and Yield from time series of 1980-2019 for irrigated and nonirrigated zone of Mississippi. ...................................................................................107
Table A.3 Multicollinearity of variables for the irrigated zone of Mississippi. ........................108
Table A.4 Multicollinearity of variables for the non-irrigated zone of Mississippi. .................108
Table A.5 Details of the Yield prediction model for Each climatic region of USA for
Soybean crop. ...........................................................................................................109

vii

LIST OF FIGURES
Figure 2.1 Total 18 counties of Mississippi known as Mississippi Delta. .....................................8
Figure 2.2 The soybean cultivated zone at the Mississippi Delta for 2000, 2008, and
2018. ...........................................................................................................................10
Figure 2.3 A schematic flowchart for data processing and modeling..........................................14
Figure 2.4 The soybean crop yield (bu/ac) from 2000 to 2018 for Mississippi delta,
Mississippi. .................................................................................................................17
Figure 2.5 Yearly scattered plots for 19 NDVI growth metrics from 2000 to 2018 for
Mississippi delta, Mississippi .....................................................................................21
Figure 2.6 Yearly scattered plots for 19 EVI growth metrics from 2000 to 2018 for
Mississippi delta, Mississippi. ....................................................................................22
Figure 3.1 The irrigated and non-irrigated zones of the study area of Mississippi, USA
from 1980 to 2019. Nine agricultural districts categorized by USDA (United
States Department of Agriculture)..............................................................................35
Figure 3.2 The model architecture for multivariate linear regression. The two-parameter,
three-parameter, four-parameter and five-parameter models are included. ...............37
Figure 3.3 Seasonal minimum temperature (a), mean temperature (b), and maximum
temperature (c), trend for Irrigated zone of Mississippi states from 1980 to
2019. ...........................................................................................................................42
Figure 3.4 Seasonal minimum temperature (a), mean temperature (b), and maximum
temperature (c), trend for Non-irrigated zone of Mississippi states from 1980
to 2019. .......................................................................................................................43
Figure 3.5 Seasonal Precipitation change for Irrigated (a) and Non-irrigated (b) zone of
Mississippi states from 1980 to 2019. ........................................................................44
Figure 1.1 Seasonal Soybean Yield change for Irrigated (a) and Non-irrigated (b) zone
of Mississippi states from 1980 to 2019. ....................................................................45

viii

Figure 3.6 The grid map of Climatic variables, such as minimum temperature (a), mean
temperature (b), maximum temperature (c), Precipitation (d), and residuals
from best yield model for the irrigated zone of Mississippi. ......................................64
Figure 3.7 The grid map of Climatic variables, such as minimum temperature (a), mean
temperature (b), maximum temperature (c), Precipitation (d), and residuals
from best yield model for the non-irrigated zone of Mississippi. ..............................65
Figure 4.1 Different climatic regions for Soybean cultivation in the Coterminous United
States...........................................................................................................................72
Figure 4.2 The schematic diagram for data processing on the GEE platform. ............................75
Figure 4.3 Soybean yield plots for different climatic zones Central (a), East (b), North
East (c), South (d), South East (e) and West North Central (f) regions in USA
from 2000 to 2019. .....................................................................................................79
Figure 4.4 The 24 Scatter plots for each climatic zone (VGMmax, average day time
surface temperature (DST), average night-time surface temperature (NST),
precipitation, respectively). ........................................................................................81

ix

CHAPTER I
INTRODUCTION
Agriculture is the source for supplying food and fiber to support lives. With the
increasing food demand, agricultural productions are also increasing. A sustainable food
production is always a demanding and challenging issue. With the challenges of global climate
change, natural and anthropogenic pollution, soil erosion and disturbances, agriculture sector
needs new additional technology to overcome the hindrance of crop production. Advancement in
the information and communication technology is enhancing the adaptation of new techniques,
instruments, technologies, such as, geographic information system (GIS), global positioning
system (GPS), remote sensing, big data analysis, internet of things (IoT), and artificial
intelligence (AI) in the agricultural production and management system.
Remote sensing as an advanced technology is nowadays widely applied in precision
agriculture (Huang et al., 2018, Sishodia et al., 2020; Weiss, et al., 2020). It is a method of
acquiring spatial information by measuring electromagnetic radiation that interacts with
atmosphere and objects. Nowadays multispectral and hyperspectral satellite images are available
from different sensors (Landsat, SPOT, MODIS, Sentinel, UAVs etc.) with different resolution
and wavelengths (L Zhu et al., 2017). Among different spectral regions, the visible region, nearinfrared region, short-wave infrared region, mid-wave infrared region, thermal infrared region
and microwave region are used in remote sensing (Zhang et al., 2015). For agricultural purpose,
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the normalized difference vegetation index (NDVI), the enhanced vegetation index (EVI) are
derived from the spectral bands to monitor and forecast crops growth and yield.
Since several decades, the food production has increased all over the world which can
support the current population in some extent. But we believe a sustainable production system
that will be able to aid the demands of huge population even if there are any hazardous events
occur in agricultural practice. To aid this aim, several researchers are trying to improve crop
cultivation and monitoring system such as Doraiswamy et al., (2005); Mkhabela et al., (2011);
Johnson, (2014); Zhang et al., (2003); Yu et al., (2012); Seo et al., (2019). Compared to field
experiment of crops growth and yield, whereas we emphasized on remote sensing technique
which is an advanced technology and able to meet this goal.
Besides, climate change and its impact on agriculture are another challenging issue
regarding food production and food security (Jia et al., 2019; Lobell and Gourdji, 2012; Mbow et
al., 2019). Many researchers have been trying to show the direct and indirect impacts of climate
change on agriculture using different methods. Among the climatic parameters, temperature and
precipitation are the dominant factors that have direct effect on agricultural production. Remote
sensing could be one of important and easily applicable technology to monitor and model the
climate impacts on crop production from the available historical data.
Albeit the climatic uncertainty, there are other factors that are responsible for crop yield
variation, such as crop varieties, availability of agrochemicals, soil physical and chemical
condition, and irrigation facilities. An overall accurate and early estimates of crop yield
prediction is a necessity (Doraiswamy et al., 2003; Johnson, 2014). The early prediction could
save the crop yield loss and sustain agricultural economy.
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This study aims to monitor agricultural crops, identifying the impact of climate change on
crop yield and to make a model for better prediction of crop yields. To fulfil the aims, this study
first used MODIS 250m satellite data to monitor crop growth at different stages of crop growth
cycle. However, the crop growth metrics derived from the MODIS NDVI or EVI have so far not
been explored and applied to crop yield yet. To the best of our knowledge, this study is the first
to design NDVI- and EVI-based crop growth metrics, which biometrically capture the status and
trend of crop growth and thus could be more powerful for growth yield management.
Therefore, this study also aimed to model the climatic impacts on crop production based
on NOAA (National Oceanic and Atmospheric Administration) NCDC (National Centers for
Environmental Information) historical climate datasets. To make an estimate of crop yield, this
study planned to use Google Earth Engine (GEE) which is an online geospatial analysis platform
(Gorelick et al., 2017) to process and derive crop growth indexes and climatic factors from
satellite images and to propose a crop yield prediction model. Overall, these studies aim to apply
remote sensing technology to develop agricultural monitoring system and provide information to
help strategic planning for regional and national agricultural management.
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CHAPTER II
USE TIME SERIES NDVI AND EVI TO DEVELOP DYNAMIC CROP GROWTH METRICS
FOR YIELD MODELING
Previously published in Ecological Indicator, 121: 107124
(https://doi.org/10.1016/j.ecolind.2020.107124)
Literature Review
Agriculture is one of the main sectors of a country’s economy. Increasing food
production with minimum cost is always a pressing need. To support millions of people, we need
a better monitoring system for crop production management. Using remote sensing data to
monitor agriculture is one of the significant advancements in agricultural technology. The remote
sensing technique was thoroughly used for crop monitoring (Zhang et al., 2003; Yu et al., 2012;
Seo et al., 2019) and crop yield forecasting (Doraiswamy et al., 2005; Wardlow et al., 2006;
Mkhabela et al., 2011; Johnson, 2014). It is also a non-destructive, cost-effective, and timeefficient method for crop growth modeling (e.g., Seo et al., 2019).
For several decades National Aeronautics and Space Administration (NASA) provides
different sensors data with diverse spectral resolution. Among them, NASA Moderate Resolution
Imaging Spectroradiometer (MODIS) has improved spectral, spatial, geometric, and radiometric
resolutions than the Advanced Very-High-Resolution Radiometer (AVHRR) (Huete et al., 2002;
Justice et al., 2002; Fensholt and Sandholt, 2005), and MODIS has been widely used for more
accurate crop yield forecast (Doraiswamy et al., 2004, Doraiswamy et al., 2005, Schut et al.,
4

2009, Bumsuk et al., 2019). Doraiswamy et al. (2004) used MODIS 250-m imagery and Landsat
ETM1 to monitor alfalfa, corn, and soybean conditions and to generate models for crop yield
simulations in southern Iowa. Wardlow et al. (2006) used MODIS 250-m, 16-day composite
NDVI time-series data to estimate green-up onset dates of soybean, corn, and sorghum in
Kansas, USA. Chang et al. (2007) mapped corn and soybean in the United States using a linear
regression model from MODIS 500-m data by time-integrated NDVI data. Wall et al. (2008)
proposed a weekly wheat yield model using NDVI from16 years of NOAA AVHRR satellite
data (from 1987 to 2002). Mkhabela et al. (2011) used MODIS 10-day composite NDVI data for
forecasting crop yield for barley canola, field peas, and spring wheat on the different climatic
zone (sub-humid, semi-arid, and arid) of Canadian Prairies. Bolton and Friedl (2013) made
empirical models for predicting soybean and maize in the central United States using MODIS 8day 500-m data. They also showed a relatively better prediction with the EVI2 index for maize
yield than NDVI. Johnson (2014) also used NDVI to forecast corn and soybean yield by
applying MODIS 8-day composite surface-reflectance bands product with the day-time and
night-time land surface temperature from aqua MODIS and precipitation derived from NOAA
NWS ground-based system and proposed a decision tree model for soybean and corn yield.
Among different vegetation indices, NDVI and EVI are frequently used for crop growth
and yield-related research as a remote sensing parameter (Kogan et al., 2012; Zhang et al., 2014;
Huang et al., 2019; Liu et al., 2020). NDVI typically builds on the pigment absorption feature in
the red (660 nm) and near-infrared (860nm) regions of the electromagnetic spectrum; EVI bases
on red, blue (450nm), and near-infrared regions of the electromagnetic spectrum. Compared to
NDVI, EVI is less sensitive to different soil backgrounds (Huete et al., 2002).
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Researchers stated that the net primary production of a crop is related to its NDVI over a
growing season (Markon and Peterson, 2002; Rafique et al., 2016; Jiao et al., 2017; Parece and
Campbell, 2017). Others mentioned that individual NDVI or average NDVI is a good indicator
of crop yield (Esquerdo et al., 2011; Petersen, 2018). Seo et al. (2019) used the start of season
NDVI, the end of season NDVI, and the peak of season NDVI to relate crop yields. Some
researcher proposed vegetation index curve using a function fitting method (Zhang et al., 2003),
the frequency analysis method (Sakamoto et al., 2010), enhancements techniques (Beck et al.,
2006), the fitting algorithms (Beck et al., 2006; Klosterman et al., 2014), and the optimal
threshold method (Huang et al., 2019). Other studies showed that the vegetation index reflecting
peak greenness is the most active parameter in forecasting crop yield (Bolton and Friedl, 2013;
Rembold et al., 2013; Zhang and Zhang, 2016; Liu et al., 2020). Bolton and Friedl (2013) and
Basnyat et al. (2004) also mentioned the correlation between remotely sensed crop vegetation
index and crop yield vary for a different crop cycle. Early assessment of crop yield will benefit
the strategic planning of any developed and developing countries (Doraiswamy et al., 2004).
In this study, based on NDVI or EVI, we are proposing 19 vegetation growth metrics
(VGM) covering different crop growing phases from seeding to ripening for soybean crop yield
modeling at a regional scale. We assume that NDVI- or EVI-based crop growth metrics are
much closer to capture crop status and growth characteristics, and growth metrics can be much
more correlated to crop yield than an NDVI or EVI itself observed at an individual time.
Therefore, our designed crop growth indices can be an improved remote sensing approach to
monitoring and predicting crop yields.
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The growth metrics found in this study can be used for real-time crop yield monitoring at
the field, which will help provide precise growth and yield information for local and regional
farmers and agricultural management systems. At the same time, mapping of growth variability
and assessment of crop development at different phases will be done by using these crop growth
metrics and then the crop yield modeling. Additionally, farmers face difficulty in measuring the
crop status in the field by counting the crop stands or by visual inspection, and these growth
metrics also aim to solve these issues. At a certain growth period, by using these growth metrics,
the farmers can monitor their crop progress and potential yield measurement. Therefore, we
expect to provide more meaningful crop growth information from these growth metrics to local
farmers and agricultural policymakers.
Materials and Methods
Study area
Mississippi Delta, the study area (Fig. 2.1), is one of the largest adjoining agricultural
areas in the United States. Topographically, it is very productive for agricultural practice
(Charles et al., 2005). Soybean is a mostly cultivated crop in this region and contributes about
79% of total Mississippi soybean production (Charles et al., 2005). According to the report of
USDA NASS (2019), this region consists of only 18 counties but contributed about 1.98% in
2018 and 1.97% in 2019 of the total US soybean production, respectively, whereas the
Mississippi state a total of 82 counties contributed about 2.49 % in 2018 and 2.2 % in 2019 of
the total US soybean production, respectively. All the counties of the Mississippi Delta are in the
same climatic zone and followed by the same planting and harvesting period. The soil condition,
soil temperature, and precipitation are additional suitability for soybean cultivation.
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This study will aid the regional farmers and management system of this region to
properly monitor the crop status with the change of planting dates. Because these growth metrics
are related to the crop growth cycle. When the crops are in the flowering or reproductive stage,
additional nutrients, and water (irrigation) are usually needed. By monitoring the soybean growth
cycle into three or five-phases, farmers can easily decide for the additional supplements to the
field. These will result in better yields and help the farmers from yield loss due to deficiency of
nutrients or weed infestations. Hence, the values of these growth metrics are significantly related
to each of the crop growth phases.

Figure 2.1

Total 18 counties of Mississippi known as Mississippi Delta.
8

Data Collection
This study is based on time-series data from 2000 to 2018 of the Mississippi delta region.
We focused on the summer crop season (April to October). According to Doraiswamy (2004),
for crop yield simulation we should be careful about crop classification and accurate geometric,
radiometric, and atmospheric corrections of remotely sensed data. NASA provides MODIS earth
data (https://search.earthdata.nasa.gov/), which is 16-day intervals and available at 250m, 500m,
and 1000m spatial resolutions. For NDVI and EVI raster data, we used a 16-day 250m MODIS
granule (MOD13Q1.006) that is a Level 3 product. We used 9 MODIS monthly granules
(MOD113, MOD129, MOD145, MOD161, MOD177, MOD193, MOD209, MOD225,
MOD241), which were in Hierarchical Data Format (HDF) that contained 12 data layers; NDVI
is the first, and EVI is the second subset data layer. Both NDVI and EVI data layers are derived
from atmospherically corrected reflectance in the red, near-infrared, and blue wavebands
(https://modis.gsfc.nasa.gov/data/dataprod/mod13.php). To specify crop zones, we used the
USDA crop data layer for each year. We extracted the soybean cropping zone from the crop data
layer for each year. We collected the county-level crop yield data from USDA -National
Agricultural Statistics Service (NASS). The soybean crop yield was measured in bushels /acre.
The changes in the crop zone of soybean showed in Fig. 2.2. It is easily visible that from 2000 to
2018, farmers cultivate increasing soybean in this region.
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Figure 2.2

The soybean cultivated zone at the Mississippi Delta for 2000, 2008, and 2018.

Crop growth phases
Soybean (Glycine max) is a leguminous crop with a growth cycle of 120-150 days. Its
growth cycle starts with seed germination and ends at seed maturation for harvesting (Purcell et
al., 2014). Fehr et al. (1971) proposed a general growth pattern for soybean (Glycine max L.
Merr.) genotypes, which is applicable for different environmental location. A detailed leaf
growth pattern for soybean (Glycine max) in the controlled environment was mentioned by
Friedli and Walter (2015). Wright and Lenssen (2013), also classified soybean growth stages into
10

two major classes, i.e. vegetative and reproductive growth stage. Generally, 10 to 20 days after
planting of soybean crops, it appears cotyledons above the soil surface; 15 to 20 more days later,
it typically has fully developed leaves at the unifoliate node. Within 20-25 days of emergence,
fully developed leaves and four nodes on the main steam are appear. Within the next 10 more
days, five nodes develop on the main steam with fully developed leaves and the unifoliate node.
Within the next week, flowering starts at one of the top uppermost nodes on the main steam. At
about 55 days after emergence, it starts developing pods and withering flowers. Within the next
20-25 days, the soybean pods become three-fourth (3/4) inch long at one of the four uppermost
nodes on the main steam, and pods develop seeds that fill the pod cavity at one of the four
uppermost nodes on the main stem. Within the next 10 to 20 days, one more pod on the main
stem have reached a mature pod color of brown or tan. Consequently, when all the pods look
brown, the soybean becomes ready for harvesting. Around 110-120 days from emergence, 95%
of the pod has reached mature pod color (i.e., brown) and become ready for harvesting.
After examining the soybean growth phases with the input of local farmers, we classified
two types of soybean stages: three phases growth cycle and five phases growth cycle. The three
phases are 50 days after emerging, 85 days after emerging, and the period to the end of the
season. The five phases are 20 days after emergence, 40 days after emergence, 70 days after
emergence, 98 days after emergence, and the period to the end of the season (Table 1). We
consider both the phase’s status that is quantified by the average values of observed NDVI or
EVI values with that period, and the cumulative status that is quantified by the accumulation of
NDVI or EVI from the emergence to the end of a phase. Besides, the start of greenness, the
maximum of greenness, the total greenness, the total greenness to the peak of greenness, and the
total greenness during the senescence are calculated accordingly. A brief description of the
11

growth metrics showed in Table 1. More details of our developed NDVI- or EVI-based crop
growth metrics are summarized in Appendix A.1.
Design NDVI and EVI based growth metrics
Time-series remote sensing data is a good source for dynamic monitoring and forecasting
of vegetation phenological and ecological characteristics (Meng et al. 2013). Using Landsat and
MODIS, Meng et al. (2013) proposed the conceptions of NDVI-based vegetation growth metrics
for potential ecological and environmental applications. The vegetation productivity of biomass
measurements can be significantly enhanced and captured using time series NDVI-based growth
metrics as a biometric characterization approach (Meng et al., 2013). Therefore, we design crop
growth metrics using available NDVI and EVI time series data, which we hope to improve crop
yield modeling and enhance understanding of the relationship between crop growth and crop
yield prediction.
Table 2.1

The description of 19 NDVI- and EVI-based soybean growth metrics, 2000 to
2018.

VGM metrics
VGMsos
VGMmax
VGMinteg
VGMsumgrn
VGMsumsen
VGM50
VGM85

Description
The start of greenness or photosynthetic activity;
vegetative cotyledon and emergence.
Amount of maximum greenness of a growth cycle.
Amount of total greenness of a growth cycle.
Amount of total greenness until the peak greenness
time, the increasing greenness time of a growth
cycle.
Amount of total greenness during the senescence
period, the decreasing greenness time of a growth
cycle.
Amount of average greenness after 50days of
emergence with at least one open flower of a
growth cycle.
Amount of average greenness after 85 days of
emergence with fully developed pods of a growth
cycle.
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Table 2.1 (continued)
VGM metrics
VGMeos3P

Description
Photosynthetic activity to the end time of
greenness of a growth cycle.
VGM20
Amount of average greenness after 20 days of
emergence with a trifoliate leaf of a growth cycle.
VGM40
Amount of average greenness after 40 days of
emergence with fully developed leaves of a growth
cycle.
VGM70
Amount of average greenness after 70 days of
emergence with starting of pod development of a
growth cycle.
VGM98
Amount of average greenness after 98 days of
emergence with a maturity of pods of a growth
cycle.
VGMeos5P
Photosynthetic activity to the end time of
greenness of a growth cycle.
VGM20total
Amounts of total greenness of 20 days after
emergence with the growth of trifoliate leaf of a
growth cycle.
VGM40total
Amounts of total greenness of 40 days after
emergence with fully developed leaves of a growth
cycle.
VGM50total
Amounts of total greenness of 50days after
emergence with at least one open flower of a
growth cycle.
VGM70total
Amounts of total greenness of 70 days after
emergence with starting of pod development of a
growth cycle.
VGM85total
Amounts of total greenness of 85 days after
emergence with fully developed pods of a growth
cycle.
VGM98total
Amounts of total greenness of 98 days after
emergence with a maturity of pods of a growth
cycle.
Note: VGM50, VGM85, and VGMeos3P are for the three growth phases; VGM20, VGM40,
VGM70, VGM98, and VGMeos5P for the five growth phases.
Data processing
Initially, we extracted the NDVI and EVI data layer from HDF layer composites of
MODIS 16-day 250 m terra Data products using Python scripting. We used the MODIS
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conversion factor to scale the ranges of NDVI and EVI data. We calculated all the above
mentioned NDVI- and EVI-based growth metrics according to the metrics formula (Appendix
A.1). Then, we masked the soybean planted zone by using the crop data layer for Mississippi
delta regions from each MODIS granule by using ArcGIS 10.6 software. We used the county
boundaries to calculate each county’s NDVI and EVI values using a zonal statistics tool. These
county-level NDVI- and EVI-based growth metrics values and county level soybean yields are
then composed for soybean yield modeling. A schematic flowchart for data processing and
modeling showed in Fig. 2.3.

Figure 2.3

A schematic flowchart for data processing and modeling.
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Statistical Analysis
We analyzed all the data statistically using SAS 9.4 software. We proposed the best fit
linear regression model for the Mississippi Delta using NDVI- or EVI-based growth metrics. The
linear model used here is without intercept using dependent and independent variables.
𝑛

𝑦 = ∑𝛽𝑥 + 𝜀

(2.1)

1

where, y is the dependent variables represent a yield of soybean in bu/ac unit; and x is the
explanatory variables, which is one of the 19 NDVI or EVI growth metrics separately. Therefore,
β is the slope of the linear model and ε is the error term, normally distributed. Here, n is the total
number of observations.
We considered R-square, Normalized Root Mean Square Error (NRMSE) for the best fit
model. The NRMSE gives the normalized weighted variations error (residuals) between
predicted and actual values. We checked the normalized mean prediction error (NMPE),
normalized mean absolute error (NMAE) and normalized root mean square error (NRMSE)
error. Compared to RMSE, MAE gives the natural and unambiguous error measurement
(Mkhabela et al., 2011; Meng, et al. 2013). The NRMSE, NMPE, and NMAE are calculated
using the following equation (2.2), (2.3), (2.4), respectively.

𝑛

𝑁𝑅𝑀𝑆𝐸 =

1
√1/𝑛 ∑(𝑌 − 𝑦)
𝑦̂
1

15

(2.2)

𝑛

1 1
𝑁𝑀𝑃𝐸 = × × ∑(𝑌 − 𝑦)
𝑦̂ 𝑛
1

(2.3)

𝑛

1 1
𝑁𝑀𝐴𝐸 = × × ∑ |𝑌 − 𝑦|
𝑦̂ 𝑛
1

(2.4)

where, n= total number of observations, Y= predicted value, y= actual value, and 𝑦̂ the
average of actual values.
Result and Discussions
Yield analysis
We found an increasing trend in soybean production from 2000 to 2018 (Fig. 2.4). The
average yield for soybean is 40.3 (±10.39 S.D.) bu/ac each year, and the production varies from
13.5 to 67.3 bu/ac. The reasons behind this may be climatic factors (temperature, precipitation),
natural hazards, and some physical factors (farmer’s conditions), etc. Some other factors like
sunshine or day length are also notable for plant growth and yield as these factors are triggering
the onset of flowering that ultimately affects soybean maturity (Langewisch et al., 2017).
Increasing relative humidity has increasing growth results for soybean cultivars studied by An et.
al. (2001). To achieve optimum growth and yield, we need a region of optimum adaptation
(Langewisch et al., 2017).
According to Fig. 2.4, since 2000, the soybean production is on increase and contributing
to the total economy of this region. From the crop zone (Fig. 2.2) for soybean, we found that
farmers are more interested in cultivating soybean in the field because of its suitability in this
region and profitability concerning production.
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Figure 2.4

The soybean crop yield (bu/ac) from 2000 to 2018 for Mississippi delta,
Mississippi.

Crop growth metrics comparison
Crop starts photosynthetic activity after emergence in the field. Before the harvesting
period, crops pass different continuous growth stages. All the crop growth metrics showed in
Fig. 2.5 (i.e., NDVI-based) and Fig. 2.6 (i.e., EVI-based) are centered to monitor the crop growth
stages within specific time intervals. The crop growth phases are classified into 3-phase growth
(VGM50, VGM85, and VGMeos3P) and 5-phase growth (VGM20, VGM40, VGM70, VGM98,
and VGMeos5P). The general crop emergence period as VGMsos for both 3-phase and 5-phase
growth is the same, in which NDVI and EVI range from 0.26 to 0.65 and from 0.17 to 0.44,
respectively. The mean values of VGMsos for NDVI and EVI are 0.38 (±0.07 S.D.) and 0.25
(±0.05 S.D.), respectively. We used the third week of April as a general starting period for
soybean growing season for each of the years in Mississippi Delta to monitor crop emergence
status in the field. The range of VGMsos metrics for NDVI is more variable than EVI.
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The mean of VGMmax for both NDVI and EVI is 0.79 (±0.04 S.D.) and 0.62 (±0.05
S.D.), respectively, which monitors the peak season of the growth curves for crops. This metric
is a good indicator for yield monitoring and useful for better forecasting of crop yield.
To calculate the total greenness of crops, we used VGMinteg metrics that range between
4.36-6.57 (median: 5.43) for NDVI and 2.94-4.73 (median: 3.97) for EVI. This metric is
comparable to the total biomass of this growing season.
We analyzed VGMsumgrn and VGMsumsen to describe the magnitude of the growth
period. VGMsumgrn is the total greenness of crops until the peak point described in the growth
curve for that growing season, which is also directly related to the total production of crops. The
VGMsumsen monitors the period after the VGMsumgrn period until harvesting. It is the stage of
less photosynthetic activity and maturity of crops for the harvesting period. The values for
VGMsumgrn and VGMsumsen found in this study are 2.38-5.38 (median: 3.68) and 0.32.91(median: 1.82) for NDVI-based growth metrics, and 1.59-3.99 (median: 2.66) and 0.42-2.37
(median: 1.29) for EVI-based growth metrics, respectively.
For the 3-phase growth, the mean values for VGM50, VGM85, and VGMeos3P are
0.56 (±0.07 S.D.), 0.76 (±0.05 S.D.), and 0.65 (±0.09 S.D.) for NDVI-based growth
metrics respectively, and 0.41 (±0.06 S.D.), 0.59 (±0.05 S.D.), and 0.45 (±0.08 S.D.) for EVIbased growth metrics, respectively. VGM50 mainly reflects the initial vegetative growth of the
crop, VGM85 most shows the maximum growth of the crop, and VGMeos3P describes the end
of the growth phase and time of harvesting stage.
For the 5-phase growth, the mean of VGM20 for NDVI and EVI is 0.47 (±0.07 S.D.), and
0.32 (±0.06 S.D.), respectively, which showed similarity with the VGMsos metric. We can use
this trend of VGMsos and VGM20 metrics for a better understanding of crop suitability and
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growth emerging conditions in the field. At this period, several factors work in the field, for
instance, crop adaptability to the adherent environment, nutrient availability for crops, pest
control, also additive fertilizer, etc. Some of the fields could have greater crop suitability for the
seedling stage than others. It also draws the fact of soybean crops' genetic variability. The
average values of NDVI- and EVI-based VGM40 are 0.61 (±0.09 S.D.), and 0.45 (±0.08 S.D.),
respectively. This stage also monitors the vegetative growth of crops. The growth metrics of
VGM70 and VGM98 are more related to the crops' maximum greenness period. The average
values of these metrics are 0.74 (±0.06 S.D.) and 0.73 (±0.07 S.D.) for NDVI, respectively, 0.57
(±0.06 S.D.) and 0.54 (±0.08 S.D.) for EVI, respectively. This period monitors the starting of the
reproductive phase. The results also showed that in the meantime of 98 days growth period, the
crops started declining of greenness and becoming mature for harvesting. The VGMeos5P metric
monitors the time of harvesting of crops. We found the average values of NDVI- and EVI-based
VGMeos5P are 0.60 (±0.09 S.D.) and 0.40 (±0.09 S.D.), respectively. Thus, all growth metrics
made to well monitor the crop growth and yield patterns.
We found only a few studies related to this study in some extent. To note, Mkhabela et al.
(2011) and Basnyat et al. (2004) studied different crops e.g. barley, canola, field peas, and wheat
yield in different agro-climatic zones of the Canadian Prairies. Both reported a specific period of
growth cycle which was optimal to the grain yield. Compared to their study, the change in
growth phages and yield are well monitored in this study. Wardlow et al. (2006) also mentioned
a specific period for the onset of green-up vegetation for corn and soybean in Western Kansas,
mention ably 10 days interval between planting and emerged date for soybean and 23 days for
the corn that is comparable to the VGM20 growth metrics of this study. Seo at al. (2019)
monitored the silking, mature, setting pods, and dropping leaves stages of the soybean growth
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cycle that is closely related to some of the growth metrics of this study. The VGM70 and
VGM85 growth metrics showed similarity with the results reported for soybean crop by Bolton
and Friedl (2013). The VGMinteg metrics of this study also showed a similarity of the results
reported by Esquerdo et al. (2011). Hence, this study is unique, detailed, and simple to
implement to monitor the actual crop growth cycle corresponding to crop yield.
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Figure 2.5

Yearly scattered plots for 19 NDVI growth metrics from 2000 to 2018 for
Mississippi delta, Mississippi
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Figure 2.6

Yearly scattered plots for 19 EVI growth metrics from 2000 to 2018 for
Mississippi delta, Mississippi.

Modeling of crop yields with NDVI- and EVI-based growth metrics
We analyzed NDVI- and EVI-based growth metrics with soybean yield at a county level.
We found all the metrics are 80-98% predictable for each county. We only showed the best fitted
metrics-yield model in Table 2.2. We found among the NDVI growth metrics, VGM85 best fit
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for 9 counties, VGMeos3P for 3 counties, VGMinteg for 2 counties, VGM50 for 1 county,
VGM98 for 1 county, VGMsumgrn for 1 county, and VGM98total for 1 county. Otherwise, for
EVI-based growth metrics, VGM85 best fit for 4 counties, VGMeos3P for 3counties, VGMinteg
for 2 counties, VGM98 for 1 county, VGMsumgrn for 3 counties, VGMmax for 1 county,
VGM50 for 1 county, VGM40total for 1 county, and VGM98total for 2 counties. It is
mentionable that NDVI- and EVI-based VGM85 growth metrics fitted yield models are reliable
for most counties of Mississippi delta.
The results of linear modeling for growth metrics with yield showed in Table 2.3. We
found VGMmax, VGM70, VGM85, and VGM98total for both NDVI- and EVI-based metrics
gave best-fitted models with R-Square=0.95, which showed better predictability than some
previous studies related to NDVI and EVI. For example, Zhang et. al. (2014) showed 90%
predictability for cereal crop yields in the northern hemisphere; Johnson (2014) reported RSquare about 0.71 for Soybean and 0.77 for corn studies; Bolton and Friedl (2013) mentioned Rsquare= 0.69 to predicted soybean yield using NDVI, and R-square= 0.70 by using EVI2
metrics. Mkhabela et. al. (2011) reported the high correlation of flowering and grain filling
period NDVI with grain yield for different crops of Canadian prairies for different regions (i.e.,
R-square for Sub-humid, Semi-arid, and arid regions are 0.51 to 0.67, 0.72 to 0.9, and 0.48 to
0.78, respectively). Wall et al. (2008) studied the wheat yield relationship with NDVI values and
reported R-square values about 0.55. Using NDVI, Basnyat et al. (2004) found R-square about
0.49, 0.18, and 0.42 for peas, canola, and wheat yields, respectively.
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Table 2.2

Best NDVI- and EVI-based growth metrics for crop yields in Mississippi Delta.

County name

Best VGM metrics for

R-square

Slope

NRMSE

crop yield
Bolivar

Carroll

Coahoma

Desoto

Holmes

Humphrey

Issaquena

Leflore

Panola

Model
P-value

VGM98total for EVI

0.981

12.798

0.144

<.0001

VGM85 for NDVI

0.979

57.989

0.151

<.0001

VGM85 for EVI

0.948

66.191

0.245

<.0001

VGM50 for NDVI

0.966

82.045

0.226

<.0001

VGMinteg for EVI

0.973

11.068

0.173

<.0001

VGMinteg for NDVI

0.971

8.017

0.179

<.0001

VGMsumgrn for EVI

0.978

11.409

0.156

<.0001

VGMeos3P for NDVI

0.978

47.505

0.157

<.0001

VGMmax for EVI

0.962

65.760

0.204

<.0001

VGM85 for NDVI

0.957

53.70

0.219

<.0001

VGM85 for EVI

0.952

70.252

0.233

<.0001

VGM85 for NDVI

0.950

53.984

0.237

<.0001

VGMsumgrn for EVI

0.958

16.934

0.216

<.0001

VGM85 for NDVI

0.959

54.152

0.213

<.0001

VGM40total for EVI

0.969

35.608

0.184

<.0001

VGM98total for NDVI

0.968

9.565

0.187

<.0001

VGMeos3P for EVI

0.968

66.072

0.189

<.0001

VGMeos3P for NDVI

0.967

47.637

0.191

<.0001
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Table 2.2 (continued)
County name

Best VGM metrics for R-square

Slope

NRMSE

crop yield
Quitman

Sharkey

Sunflower

Tallahatchie

Tate

Tunica

Warren

Washington

Yazoo

Model
P-value

VGMinteg for EVI

0.970

9.448

0.183

<.0001

VGMinteg for NDVI

0.970

6.70

0.183

<.0001

VGMsumgrn for EVI

0.967

18.337

0.194

<.0001

VGM85 for NDVI

0.958

59.194

0.218

<.0001

VGM85 for EVI

0.965

75.393

0.199

<.0001

VGM85 for NDVI

0.962

59.153

0.206

<.0001

VGM85 for EVI

0.960

68.433

0.212

<.0001

VGM85 for NDVI

0.958

52.294

0.217

<.0001

VGMeos3P for EVI

0.962

65.140

0.205

<.0001

VGMeos3P for NDVI

0.964

46.699

0.199

<.0001

VGMeos3P for EVI

0.968

73.085

0.190

<.0001

VGMsumgrn for NDVI

0.972

9.766

0.176

<.0001

VGM98 for EVI

0.967

78.360

0.192

<.0001

VGM98 for NDVI

0.967

56.068

0.192

<.0001

VGM98total for EVI

0.973

13.529

0.172

<.0001

VGM85 for NDVI

0.972

64.305

0.173

<.0001

VGM50 for EVI

0.960

93.132

0.211

<.0001

VGM85 for NDVI

0.961

53.577

0.209

<.0001
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Table 2.3

The general fit model result for NDVI and EVI metrics with soybean yield for
Mississippi Delta.

NDVI metrics Model

Rsquare

VGMsos
VGMmax
VGMinteg

Y=100.96X
Y=50.99X
Y=7.40X

0.88
0.95
0.94

Model
Pvalue
<.0001
<.0001
<.0001

EVI metrics

VGMsumgrn
VGMsumsen

Y=10.50X
Y=21.65X

0.92
0.87

<.0001 VGMsumgrn Y=14.83X
<.0001 VGMsumsen Y=28.9X

0.93
0.87

<.0001
<.0001

VGM50

Y=71.23X

0.94

<.0001 VGM50

Y=98.05X

0.94

<.0001

VGM85

Y=53.06X

0.95

<.0001 VGM85

Y=69.0X

0.95

<.0001

VGMeos3P

Y=61.05X

0.93

<.0001 VGMeos3P

Y=86.51X

0.92

<.0001

VGM20

Y=84.30X

0.92

<.0001 VGM20

Y=24.87X

0.93

<.0001

VGM40

Y=65.90X

0.94

<.0001 VGM40

Y=89.17X

0.94

<.0001

VGM70

Y=54.82X

0.95

<.0001 VGM70

Y=70.48X

0.95

<.0001

VGM98

Y=55.34X

0.94

<.0001 VGM98

Y=74.11X

0.94

<.0001

VGMeos5P

Y=65.04X

0.92

<.0001 VGMeos5P

Y=96.04X

0.90

<.0001

VGM20total

Y=29.92X

0.91

<.0001 VGM20total

Y=44.43X

0.91

<.0001

VGM40total

Y=20.68X

0.93

<.0001 VGM40total

Y=29.84X

0.93

<.0001

VGM50total

Y=15.21X

0.93

<.0001 VGM50total

Y=21.31X

0.94

<.0001

VGM70total

Y=11.83X

0.94

<.0001 VGM70total

Y=16.24X

0.94

<.0001

VGM85total

Y=9.70X

0.94

<.0001 VGM85total

Y=13.25X

0.95

<.0001

VGM98total

Y=8.32X

0.95

<.0001 VGM98total

Y=11.39X

0.95

<.0001

VGMsos
VGMmax
VGMinteg

Model

RModel
square Pvalue
Y=155.21X 0.88
<.0001
Y=64.88X 0.95
<.0001
Y=10.23X 0.95
<.0001

Cross-validation assessments
To obtain the best-fitted model for this region, we cross-validated all these models with
20% testing and 80% training datasets, which were randomly sampled. The results of the crossvalidation of the models for NDVI- and EVI-based growth metrics showed in Table 2.4. From
these cross-validated models, we found that NDVI- and EVI-based VGM85 metrics showed the
best yield prediction with NMPE about 0.034 (3.4%) and 0.022 (2.2%), respectively, among the
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best fitted (95%) yield- growth metric models. According to Mkhabela et al., (2011), the overall
prediction error was about 10% between actual yield and predicted yield in his study of yield
predictions for different crops (barley, canola, field peas, spring wheat) that is higher than this
study.
The NMAE and NRMSE values also support the cross-validated models of this study.
Among the cross-validated models, the NDVI-based VGMmax, VGM70 and VGM85, and EVIbased VGMmax, VGM85, and VGM98total showed the least NMAE and NRMSE. Based on
NMPE, NRMSE, and NMAE, we conclude that for NDVI-based growth metrics VGM85
showed the best prediction with the highest accuracy (NMPE= 0.034; NMAE=0.203;
NRMSE=0.257). Whereas, for EVI-based growth metrics VGMmax showed the best prediction
with the highest accuracy (NMPE= 0.033; NMAE=0.198; NRMSE=0.256).
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Table 2.4

The values of normalized mean absolute error, normalized mean prediction error,
and normalized root mean squared error for NDVI and EVI metrics for yield crossvalidated model

NDVI
metrics

NMPE

NMAE

NRMSE

EVI metrics

NMPE

NMAE

NRMSE

VGMsos

0.014

0.302

0.384

VGMsos

0.008

0.306

0.394

VGMmax

0.044

0.204

0.258

VGMmax

0.033

0.198

0.256

VGMinteg

0.044

0.211

0.265

VGMinteg

0.039

0.204

0.258

VGMsumgrn

-0.015

0.235

0.301

VGMsumgrn

-0.004

0.214

0.283

VGMsumsen

0.024

0.314

0.391

VGMsumsen

-0.006

0.314

0.391

VGM50

0.063

0.225

0.276

VGM50

0.061

0.227

0.274

VGM85

0.034

0.203

0.257

VGM85

0.022

0.204

0.258

VGMeos3P

-0.008

0.238

0.287

VGMeos3P

-0.037

0.259

0.312

VGM20

0.054

0.248

0.309

VGM20

0.053

0.242

0.308

VGM40

0.064

0.222

0.261

VGM40

0.052

0.210

0.251

VGM70

0.050

0.209

0.258

VGM70

0.048

0.216

0.263

VGM98

0.008

0.216

0.267

VGM98

-0.017

0.236

0.283

VGMeos5P

-0.012

0.252

0.306

VGMeos5P

-0.043

0.275

0.334

VGM20total

0.048

0.253

0.324

VGM20total

0.048

0.247

0.322

VGM40total

0.058

0.238

0.298

VGM40total

0.056

0.229

0.292

VGM50total

0.061

0.229

0.286

VGM50total

0.061

0.227

0.281

VGM70total

0.059

0.221

0.276

VGM70total

0.058

0.219

0.271

VGM85total

0.055

0.214

0.270

VGM85total

0.052

0.208

0.263

VGM98total

0.048

0.210

0.265

VGM98total

0.044

0.202

0.258

Note: NMPE, normalized mean prediction error; NMAE, normalized mean absolute error;
NRMSE, normalized root mean squared error.
Conclusion
We developed 19 crop growth metrics using time series NDVI and EVI datasets. In this
study, we applied these growth metrics to soybean for yield modeling. We observed both NDVIand EVI-based growth metrics are well performed for predicting soybean yields. It is also
mentionable that VGM70, VGM85, VGMmax, and VGM98total of both NDVI- and EVI-based
growth metrics for yield modeling had 95% accuracy for predicting soybean yields. The results
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showed that we can predict soybean yields as early on 70 days of emergence. Both NDVI- and
EVI-based growth metrics are more meaningful than the NDVI or EVI index itself and provide
better information on the crop status and yield prediction.
Generally, the results of this study suggest that remotely sensed growth metrics related to
crop growth stages play important roles for agricultural crop monitoring and yield modeling,
which has not been got attention in crop status monitoring and yield modeling. MODIS data used
for this study is cloud-free and atmospherically corrected, so there is less bias in the results. We
used the crop data layer from USDA NASS that is the most updated crop cultivating zone for
each year for the USA. The crop yields collected from USDA NASS are reliable as all the
information is gathered directly from the farmers. The planting and harvesting dates for this
region follow similar patterns as all the counties of Mississippi delta are geographically
homogenous. We could say that our methods and results are potentially reliable and well
predictable.
Crop phenology, crop cycle, crop planting, and harvesting dates in different crop zones
determine characteristics of NDVI- and EVI-based growth metrics. Theses crop growth metrics
are independent of climatic factors and suitable for any agricultural zones for crop yield
modeling. Although we are not able to control the field environment as if something happens on
the field, the designed crop growth indices may show some anomalies for yield predictions. Still,
these growth metrics will be helpful to monitor soybean stages like any of 20, 40, 50, 70, 85, and
98 days of emergence.
Although this study is completed on a regional scale, the design of crop growth metrics
and yield modeling approaches will be helpful to monitor different agricultural regions of the
world. These NDVI- and EVI-based growth metrics can be applied to different crops for yield
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mapping or modeling according to crop life cycles. This study shows crop growth metrics
improve our understanding of crop phases and enhance crop yield modeling. We can apply these
growth metrics in different geographic regions by combining climatic factors of these regions to
get an up to date information on crop yield, which may be of our future research focus. Besides,
the crop yield prediction modeling by the integration of crop growth metrics based on time series
remote sensing data and other crop-related factors and environmental conditions would be a
research challenge given the differences in spatial and temporal resolutions. This real-time
prediction could help the farmers to take crop insurance and adaptive management steps to
maintain sustainable annual crop production and ultimately flourish the country’s economy.
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CHAPTER III
MODELING THE IMPACT OF CLIMATE CHANGES ON CROP YIELD: IRRIGATED
VERSUS NON-IRRIGATED
Previously Published in Remote Sensing, 2021, 13, 2249
https://doi.org/10.3390/rs13122249
Literature Review
Global climate change and its impacts on the food production are a burning issue.
According to the 2019 IPCC report on climate change, global mean surface temperature has
increased by 0.87°C, and mean land surface air temperature has increased by 1.53°C reported
from 1850-1900 to 2006-2015 climate dataset (Jia et al., 2019). Mbow et al., (2019) mentioned
that climate change has been already affecting food security through increasing temperature,
changing precipitation patterns, and larger frequency of some extreme events. According to
Lobell and Gourdji, (2012), climate change is considered as a threat for sustainable global crop
production.
Climate change has significantly impacted on crop yields, which had discussed by several
studies for several decades (Harrison et al., 1995; Gadgil et al., 1999; Alexandrov and
Hoogenboom, 2000; Lobell and Field, 2007; Ray et al., 2015; Zhao et al., 2017; Kukal et al.,
2018). Agriculture is one of major responses of climate change, although the impacts is not
widely visible because of the technological improvements in the farming system. Since decades,
the necessity of climate impact on crop yield studies at local, regional, national and global scale
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is recognized and emphasized by scientists mentionably Kaufmann and Snell, (1997); Freckleton
et al., (1999); Gadgil et al., (1999); Alexandrov and Hoogenboom, (2000).
Nowadays climate change impacts on crop yield is a major concern. Mbow et al., (2019)
mentioned about seasonal rainfall variability in the tropics, sub-tropics, water limited and high
elevation environment and seasonal temperature change on the IPCC Climate Change and Land
report. Compared to temperature change that is more robust in global scale, precipitation change
is more relevant to local scale (Lizumi et al., 2017). Lobell et al., (2011) also mentioned about
mixed trends of precipitation across regions and less historical variability in some places. High
temperature is gradually decreasing crop yields by encouraging weed and pest proliferation,
whereas the variability in precipitation causes short-run crop failures and long-run yield declines
(Nelson et al., 2009).
Different research methodologies were used by some researchers to assess the impact of
climate on crop yields. To note, David et al., (2010) proposed both statistical model and processbased crop model to predict yield responses to changes in temperature and precipitation. Deryng
et al., (2014) made a global crop grid model to assess global and local changes. Asseng et al.,
(2015) proposed point-based crop simulation for climate change impacts on wheat yields. Zhao
et al., (2017a) proposed linear regression model for yield responses to temperature increase,
which is criticized by Mbow et al., (2019) as yield response differs depending on growing season
temperature levels.
Crop yield responses to climate changes also may differ based on crop types and
geographical location. In some regions, climate changes showed positive impact on rice whereas
negative impacts on soybean and maize (Lizumi et al., 2017). Furthermore, Lobell and Field,
(2007) mentioned that crop yield models are scale dependent, and global empirical/statistical
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models cannot reliably predict responses at sub global scales. Still there are significant
uncertainties in global crop yield response modeling about what happens when the cropping
areas shift or the crop planting periods become delayed. Ray et al., (2015) mentioned about the
lacking of spatial pattern consideration within countries of global crop yield model for climate
impact analysis. That is why the regional crop yield response due to climate change draws our
attention.
However, Simulation based studies show with increase of one degree Celsius, the
reduction of global yields of average wheat by 6.0%, rice by 3.2%, maize by 7.4%, and soybean
by 3.1% (Zhao et al., 2017). Lobell et al., (2011) predicted yield response model showed global
maize and wheat production declined by 3.8% and 5.5%, respectively. Lobell and Field, (2007)
also showed a decrease of 1.3% yield for soybean crop per 1-degree centigrade increase of
temperature globally. Asseng et al., (2015) estimated about 6% global wheat yield reduction for
each degree centigrade temperature increase, which can be varied based on locations and growth
periods. On the other hand, it is reported that crop yield increases with precipitation increase up
to a certain limit for nearly all crops and countries (Lobell et al., 2011). However, about 20%
reduction of precipitation can cause -3.9% yield loss reported from field scale data and -2.9%
yield loss from country scale data, from time series statistical models (Lobell and Burke, 2010).
Only precipitation as a climatic variable can explain the yield variability 7% for maize, 17% for
sorghum, and 18% for soybean in the Great Plain regions of United States (Kukal and Imrak,
2018).
In this study, we focused on one specific crop soybean that is mostly grown in United
states of America (USA) and have great contribution to the total US economy. We used
multilinear regression to assess the yield impacts with response to temperature and precipitation
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data categorized by regional and time basis. We propose some significant regional soybean yield
response model, which can explain the variability of crop yield due to climatic impacts. The aim
of this study to draw the attention of the policy makers at regional and local levels for necessary
adaptations to climate changes and thus to enhance crop production and meet the food demand.
Study area
Mississippi is one of the important agricultural states in USA. Soybean is a major crop
for Mississippi agricultural production and economy. The agricultural zone of Mississippi is
divided into nine agricultural districts by USDA (Fig. 3.1). The agricultural divisions are Upper
delta (district code: 10), North Central (district code: 20), Northeast (district code: 30), Lower
Delta (district code: 40), Central (district code: 50), East central (district code: 60), Southwest
(district code: 70), South Central (district code: 80), and Southeast and coastal (district code: 90).
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Figure 3.1

The irrigated and non-irrigated zones of the study area of Mississippi, USA from
1980 to 2019. Nine agricultural districts categorized by USDA (United States
Department of Agriculture).
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Data Collection and Processing
We defined general soybean crop season for Mississippi states starting from April and
ending on September collected from the report of NASS USDA (October 2010). We calculated
average seasonal climate data for each year based on crop growth period. The yearly irrigation
data for the study area from 1980 to 2019 is collected from the Census of Agriculture, National
agriculture and Statistics Service, NASS, USDA. To define a county is irrigated or non-irrigated
for the specific time interval, we considered the county is irrigated if it has 40% or more irrigated
croplands. To note, based on the availability of crop zone irrigation data, we can increase the
value of the percentage of the irrigation status to determine the condition of a county is irrigated
or not. In this study we assumed this percentage is the minimum requirement to determine the
county level irrigation status for this region and period.
The soybean crop yield (bushel /acre) for the period of 1980-2019 is also collected from
the USDA NASS (National Agricultural Statistics Service) (https://quickstats.nass.usda.gov/)
and converted to unit kg/acre according to the USDA conversion unit (1 bushel= 27.2
Kilograms) for soybean yields. The monthly data for climatic parameters e.g. Maximum
Temperature (Tmax), Mean Temperature (Tmean), Minimum Temperature (Tmin) and
precipitation are collected from NOAA’s National Climatic Data Center (NCDC)
(https://ncdc.noaa.gov/), which gives public access to national historical weather data and
information. This county level weather data was processed from area-weighted averages of gridpoint estimates interpolated from station data. The grid resolution of this data is 5 km, and it has
enough divisional spatial sampling. The impact of elevation on precipitation data is minimal
below 5 km. The biasness of topography and network variability was minimized by gridded
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station’s data using climatologically aided interpolation method. More details of these data can
be found at (ftp://ftp.ncdc.noaa.gov/pub/data/cirs/climdiv/).
Statistical Modelling
We applied multilinear regression approach to draw the impact of climate on the crop
yields. We used SAS 9.4 software for linear and multilinear regression models. A two-parameter
model (Eq. 3.1), a three-parameter model (Eq. 3.2), a four-parameter model (Eq. 3.3), and a fiveparameter model (Eq. 3.4) are designed to systematically analyze the impacts of climate changes
on crop yield. The model architecture is showed in the Fig. 3.2 to simplify the variable selection
pattern for each of the models. These models are summarized below.

Figure 3.2

The model architecture for multivariate linear regression. The two-parameter,
three-parameter, four-parameter and five-parameter models are included.
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𝑌 = 𝑎 + 𝑏𝑋

(3.1)

where, the dependent variable, Y is crop yield, and the independent variable, X is Tmax or
Tmean or Tmin or Precipitation respectively.

𝑌 = 𝑎 + 𝑏1 𝑋1 + 𝑏2 𝑋2

(3.2)

where, the dependent variable, Y is crop yield, and the independent variables, 𝑋1 and 𝑋2
are Tmean and Tmin, or Tmax and Tmean, or Tmax and Tmin, or Tmax and Precipitation, or Tmean and
Precipitation, or Tmin and Precipitation respectively.

𝑌 = 𝑎 + 𝑏1 𝑋1 + 𝑏2 𝑋2 + 𝑏3 𝑋3

(3.3)

where, the dependent variable, Y is crop yield, and the independent variables, 𝑋1, 𝑋2, and
𝑋3 are Tmax, Tmean and Tmin, respectively; or Tmax, Tmean, and Precipitation, respectively; or Tmax,
Tmin, and precipitation, respectively; Tmean, Tmin, and Precipitation, respectively.

𝑌 = 𝑎 + 𝑏1 𝑋1 + 𝑏2 𝑋2 + 𝑏3 𝑋3 + 𝑏4 𝑋4

(3.4)

where, the dependent variable, Y is crop yield, and the independent variables, 𝑋1, 𝑋2, 𝑋3
and 𝑋4 are Tmax, Tmean, Tmin, and Precipitation, respectively.
We then used model assessment parameters e.g. R-square, Adjusted R-square, AIC
(Akaike’s Information Criteria), BIC (Sawa’s Bayesian Information Criterion), SBC (Schwarz
Bayesian Criterion), and P-value (Probability) to select the best regression models. R-square is a
coefficient of determination used for a model evaluation. Generally, the value of R-square is
increased with the performance of a model. The algorithm used for R-square calculation is given
below:
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𝑅2 = 1 −

𝑆𝑆𝐸
∑(𝑦 − 𝑦̂)2
= 1−
𝑆𝑆𝑇
∑(𝑦 − 𝑦̅)2

(3.5)

The Adjusted R-square was used to compare models with different number of
explanatory variables mentioned by Li and Meng, (2020). This parameter could be used to
identify the best model by minimizing the variability of the dependent variables with respect to
the independent variables.

𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅 2 = 1 −

(𝑁 − 1). 𝑆𝑆𝐸
(𝑁 − 𝑃). 𝑆𝑆𝑇

(3.6)

where, p is the number of independent variables and N total number of observations.
The Akaike’s Information Criteria is used to find the maximum likelihood estimates of the
parameters for statistical models, which is free from the ambiguities inherent in the application of
conventional hypothesis testing procedure (Akaike, 1974). AIC estimates a measure of the
differences between a given model and a true model (Beal, 2007), and the best model is typically
identified by the lowest value of AIC (Brunsdon et al., 1998; Fotheringham et al., 2003; Beal,
2007; Meng et al., 2007). The following equation is used to calculate the AIC values of a model.

𝐴𝐼𝐶 = 𝑁. ln(

𝑆𝑆𝐸
) + 2𝑃
𝑁

where, N is the total number of observations, P is the number of parameters with
intercept, SSE is the error variance of the fitted model.
Bayesian Information Criteria (BIC) is a criterion for best fit model identification
developed by Sawa, (1978). It reduces the maximum likelihood selection of a model and
penalizes the complexity of a model with many parameters. The algorithm used for BIC
calculation is given below:
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(3.7)

𝐵𝐼𝐶 = 𝑁. ln

𝑆𝑆𝐸 2 (𝑃 + 2)𝑁𝜎 2 2𝑁 2 𝜎 4
+
−
𝑁
𝑆𝑆𝐸
𝑆𝑆𝐸 2

(3.8)

Where, N is the total number of observations, P is the number of parameters with
intercept, SSE is the error variance of the fitted model. Compared to AIC, the BIC added
stronger penalty term for additional parameters in the model selection.
Schwarz, (1978) proposed an information criterion to estimate the dimension of a model
that is called as Schwarz Bayesian criteria (SBC). This criterion studies the asymptotic behavior
of Bayes estimators without the prior distributions. According to him, the SBC reduces the
problem associated with maximum likelihood estimators of AIC for a large sample limit. The
algorithm of SBC is below:

𝑆𝐵𝐶 = 𝑁. log (

𝑆𝑆𝐸
) + 𝑃 log(𝑁)
𝑁

(3.9)

where, N, P, SSE are defined as above.
According to Burnham and Anderson, (2004), inferences of best model are drawn based
on some statistical parameters for a specific dataset. However, if the data are finite and noisy, the
best models can be selected based on the statistical parameters. Hence, the best model allows
computation of model weights to quantify the uncertainty and gives a framework to go beyond
the inferences, and in this study we are drawing attention for climate impacts on crop yield and
making inferences to adopt the future climate impacts on crop yield based on the best models
proposed by this study.
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Results
Descriptive data analysis
Temperature Trend
Temperature is an important crop growth factor. The change of temperature has significant
impacts on the total crop production. Different temporal periods have been used by researchers
to identify climate change impacts on crop yield. Lobell et. al., (2003) used six years (1982 to
1998), in addition to thirty years (1980-2010) by Leng et al., (2016), and 46 years (1968-2013)
by Kukal and Imrak, (2018) for climate change impact studies. This study showed the seasonal
temperature (Tmax, Tmean, Tmin) trend for irrigated and non-irrigated zones for forty years
(1980 to 2019). The trend of temperature showed in Fig. 3.3& 3.4 for irrigated and non-irrigated
zones, respectively. The ranges of Tmin, Tmean, Tmax at 95% confidence limits for irrigated
zone are between 63 to 66 0F, 74 to 76 0F, and 84 to 870F, respectively. Similarly, for the nonirrigated zones, the ranges of Tmin, Tmean, Tmax are between 62 to 64 0F, 74 to 75 0F, and 85 to
860F, respectively. The trends for Tmin, Tmean, and Tmax, both for irrigated and non-irrigated
zones are evaluated from the Mann-Kendal test (Appendix Table A.2). This study found a
monotonic increasing trend for Tmin, and Tmean, but no trend was observed for Tmax for the
irrigated zone. In the non-irrigated zones, the Tmin showed a continuous increase, no trend for
Tmean, and but a decreasing trend for Tmax.
Compared to the non-irrigated zone, the temperature trend in the irrigated zone is
showing a significant increasing pattern, which is an indicator of more water demand for crops
growth and production in the irrigated zone. There are possibly several factors for temperature
increases in irrigated zones, i.e. soil moisture, elevated carbon-dioxide, multifold cropping
system, extensive agrochemicals use etc. which demands the field experimental study.
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Figure 3.3

Seasonal minimum temperature (a), mean temperature (b), and maximum
temperature (c), trend for Irrigated zone of Mississippi states from 1980 to 2019.
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Figure 3.4

Seasonal minimum temperature (a), mean temperature (b), and maximum
temperature (c), trend for Non-irrigated zone of Mississippi states from 1980 to
2019.
Precipitation trend

The quantification of climatic uncertainty requires the monitoring of seasonal
precipitation trend for both irrigated and non-irrigated zones. According to Cai et al. (2009), the
variable nature of precipitation and temperature may cause larger soil moisture deficit and crop
yield reduction. Kang et al. (2009) showed that crop yield is more sensitive to precipitation
change than the temperature change, and he also reported the crop yield increase with the
precipitation increase. There is a mixed trend of seasonal precipitation both for irrigated and nonirrigated counties since 1980. The Fig. 3.5 is showing the precipitation pattern from 1980 to
2019. The range of average precipitation at 95% confidence limit is about 3.8 to 4.5 inches for
the irrigated zone, and about 4 to 4.5 inches for the non-irrigated zones. From the Mann-Kendal
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test (Appendix Table A.2), this study found a monotonic increasing trend for precipitation in
both irrigated and non-irrigated zones, which is significant at with p values less than 0.00001.

Figure 3.5

Seasonal Precipitation change for Irrigated (a) and Non-irrigated (b) zone of
Mississippi states from 1980 to 2019.

Yield Trend
The soybean yield for both irrigated and non-irrigated regions of Mississippi is showing
an increasing trend from 1980 to 2019. Hence, the increasing yield trend for soybean at a local
scale for Mississippi Delta also mentioned by Shammi and Meng, (2020). Compared to nonirrigated zone, the irrigated zone is producing more soybean in each year which is similar with
the results found by Kukal and Imrak, (2019). Moreover, there is a fluctuation of this increasing
trend. Hence, we are trying to find the reason of fluctuations with respect to climatic parameters.
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According to Kukal and Imrak, (2018), the change of climatic variables is responsible for the
change in crop yield trend despite of technological improvements in the farming system.
Different crops can also show different impacts of climate change based on geographical
location. Hence the necessity of modeling the regional scale climate change impact is
mentionable. Since 1980 to 2019, the pattern of irrigated and non-irrigated crop yield is showed
in Figure 3.6. The Mann-Kendal test (Appendix Table A.2) also showed a significant continuous
increasing trend for soybean yield in the irrigated and non-irrigated zones at 0.0000 probability
level.

Figure 1.1

Seasonal Soybean Yield change for Irrigated (a) and Non-irrigated (b) zone of
Mississippi states from 1980 to 2019.
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Multicollinearity of the Predictor variables
The multicollinearity of the independent variables (Tmax, Tmean, Tmin, and Precipitation) is showed
in the Appendix Table A.3- A.4 for irrigated and non-irrigated zones, respectively. For the
irrigated zones, a significant direct correlation found between Tmax with Tmean, Tmax with Tmin,
Tmean with Tmin, at probability level of less than 0.0001. Also, a significant negative correlation
observed for Tmax with Precipitation, Tmean with Precipitation, and Tmin with Precipitation, at
probability level of less than 0.0001.
On the other hand, for non-irrigated regions, a significant direct correlation found between Tmax
with Tmean, Tmax with Tmin, Tmean with Tmin, at probability level of less than 0.0001. Also, a
significant negative correlation observed for Tmax with Precipitation, Tmean with Precipitation, at
probability level of less than 0.0001, but a positive correlation of Tmin with Precipitation, at
probability level of less than 0.071. All the predictor variables are correlated but independent to
each other. However, this study also explains that the continuous increase of Tmin and Tmean, will
gradually increase the Tmean of the crop growing season period.

Regional crop modeling for a 10-year period
We first used a 10-year period to model the climatic impact on crop yields. The best
models for irrigated are reported in Table 3.1-3.2 and non-irrigated regions are reported in Table
3.3-3.4. For 1980-1992 period, the model Y[Tmax,Tmin,Precipitation]92i and
Y[Tmax,Tmean,Tmin,Precipitation]92ni are the best models to explain climate impact in this
period, which is about 65% (adjusted r-square) for irrigated and 20% (adjusted R-square) for
non-irrigated zones respectively. These two models both have the lowest BIC, and SBC values
among the other models in this period. According to the model Y[Tmax,Tmin,Precipitation]92i
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the covariance matrix showed that the increase of Tmax and precipitation for each crop season has
a significant negative impact but positive impact for Tmin on the crop yields. Whereas the model
Y[Tmax,Tmean,Tmin,Precipitation]92ni also showed the same impact on crop yield for the nonirrigated regions for the same variables except Tmin which has a negative impact on crop yield for
the non-irrigated crop zones .
For 1993-2002 period, the model Y[Tmax,Tmean]02i (adjusted R-square: 37%) and
Y[Tmax,Tmean,Precipitation]02ni (adjusted R-square: 39%) are the best models for this period
for irrigated and for non-irrigated zones respectively. Both models have the lowest BIC values
among other models in this period. According to model Y[Tmax,Tmean]02i, negative impact of
Tmax and positive impact of Tmean are reportable for irrigated zones. Whereas, the model
Y[Tmax,Tmean,Precipitation]02ni showed negative impact of Tmax but positive impact of Tmean
and precipitation, respectively, for the non-irrigated regions.
For 2003-2012 period, the model Y[Tmax,Tmin]12i (adjusted R-square: 12%) and
Y[Tmean,Tmin,Precipitation]12ni (adjusted R-square:28%) are the best model of this period .
Both models have the lowest BIC and AIC values among the other models in this period. The
model Y[Tmax,Tmin]12i covariance matrix showed that the increase of Tmax has negative impact,
but increase of Tmin has positive impact on crop yields for the irrigated zones. Otherwise, the
model Y[Tmean,Tmin,Precipitation]12ni covariance matrix showed the negative impact of Tmean
but positive impact of Tmin and Precipitation on crop yields for non-irrigated zones.
For 2013-2019 period, the model Y[Tmax,Tmin]19i (adjusted R-square: 29%) and
Y[Tmax,Tmean,Tmin,Precipitation]19ni (adjusted R-square: 29%) are the best model for irrigated
and for non-irrigated zones respectively. Both models have the lowest BIC and AIC values
among the other models in this period. In the model Y[Tmax,Tmin]19i, negative impacts of Tmax
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and positive impacts of Tmin on irrigated crop yield are reported. However, from the model
Y[Tmax,Tmean,Tmin,Precipitation]19ni, the positive impact for Tmean, Tmin, and precipitation but
negative impact for Tmax on non-irrigated crop yields observed.
From the each of the 10-year model, we always found the negative effect of Tmax increase
and positive and negative impact of Tmean and Tmin increase, respectively. However, the
precipitation has variable impacts as the change of precipitation is in mixed pattern.
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Table 1.1
Perio
d

The intercept and slope of linear and multilinear models for each 10- year period
from time series of 1980-2019 for irrigated county of Mississippi.
Model name

Intercept

19801992

Model Slope for different parameters
Tmax
Tmean
Tmin
Precipitatio
n
-1.84
.
.
.
-2.68
.
.
-1.62
-6.36
5.04
-4.80

Y[Tmax]92i
181.62
Y[Tmax,Precipitaton]92i
260.13
Y[Tmax,Tmin,Precipitation 264.87
]92i
Y[Tmax,Tmean,Tmin,Preci 240.78
-7.94
3.77
3.12
-4.62
pitation]92i
1993- Y[Precipitation]02i
14.65
.
.
.
3.26
2002 Y[Tmax,Tmean]02i
114.50
-8.40
8.43
.
.
Y[Tmax,Tmean,Precipitatio 70.13
-7.70
8.15
.
1.37
n ]02i
Y[Tmax,Tmean,Tmin,Preci 69.71
-8.12
9.29
-0.75
1.36
pitation]02i
2003- Y[Tmin]12i
-62.91
.
.
1.57
.
2012 Y[Tmax,Tmin]12i
-82.04
-2.04
.
4.57
.
Y[Tmax,Tmin,Precipitation -112.14
-1.55
.
4.33
0.89
]12i
Y[Tmax,Tmean,Tmin,Preci -112.28
-1.49
-0.16
4.44
0.89
pitation]12i
2013- Y[Tmin]19i
-41.37
.
.
1.41
.
2019 Y[Tmax,Tmin]19i
143.52
-4.80
.
4.89
.
Y[Tmax,Tmean,Tmin]19i
154.70
-4.30
-1.42
5.72
.
Y[Tmax,Tmean,Tmin,Preci 158.72
-4.39
-1.39
5.73
-0.11
pitation]19i
Note: In the model name the notation 92 is for the time 1980 to 1992; 02 is for 1993-2002; 12 is
for 2003 to 2012; and 19 is for 2013 to 2019 and ‘i’ is for irrigated zone.
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Table 3.2

The best fitted linear and multilinear models for each 10- year period from time
series of 1980-2019 for irrigated counties in Mississippi.

Period Model name

RSqua
re

19801992

Y[Tmax]92i

19932002

20032012

20132019

SBC

AIC

Mod
el-P

0.27

Adj BIC
uste
d
Rsqua
re
0.26 150.4

154.8

Y[Tmax,Precipitaton]92i

0.38

0.35

144.4

150.9

Y[Tmax,Tmin,Precipitation]92i

0.68

0.65

120.2

125.0

Y[Tmax,Tmean,Tmin,Precipitation]92i 0.69

0.66

120.4

126.3

Y[Precipitation]02i

0.14

0.13

348.4

352.8

Y[Tmax,Tmean]02i

0.39

0.37

318.2

323.9

Y[Tmax,Tmean,Precipitation ]02i

0.40

0.38

318.4

326.4

Y[Tmax,Tmean,Tmin,Precipitation]02i 0.40

0.38

320.0

330.6

Y[Tmin]12i

0.05

0.04

464.9

468.7

Y[Tmax,Tmin]12i

0.13

0.12

456.1

462.2

Y[Tmax,Tmin,Precipitation]12i

0.14

0.12

456.9

465.7

Y[Tmax,Tmean,Tmin,Precipitation]12i 0.14

0.11

459.0

470.5

Y[Tmin]19i

0.09

0.08

382.5

386.6

Y[Tmax,Tmin]19i

0.31

0.29

357.5

363.2

Y[Tmax,Tmean,Tmin]19i

0.31

0.29

359.1

367.2

Y[Tmax,Tmean,Tmin,Precipitation]19i 0.31

0.28

361.2

371.8

151.
1
145.
5
117.
7
117.
2
347.
6
316.
1
316.
0
317.
5
463.
1
453.
9
454.
6
456.
6
381.
4
355.
3
356.
7
358.
7

0.00
0
<.00
01
<.00
01
<.00
01
0.00
0
<.00
01
<.00
01
<.00
01
0.01
7
0.00
0
0.00
1
0.00
1
0.00
3
<.00
01
<.00
01
<.00
01
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Table 3.3

The intercept and slope of linear and multilinear models for each 10- year period
from time series of 1980-2019 for non-irrigated county of Mississippi.

Period Model Name
19801992

19932002

20032012

20132019

Y[Tmax]92ni
Y[Tmax,Tmean]92ni
Y[Tmax,Tmean,Tmin]92ni
Y[Tmax,Tmean,Tmin,Precipitation]92ni
Y[Precipitation]02ni
Y[Tmax,Tmean]02ni
Y[Tmax,Tmean,Precipitation]02ni
Y[Tmax,Tmean,Tmin,Precipitation]02ni
Y[Precipitation]12ni
Y[Tmean,Tmin]12ni
Y[Tmean,Tmin,Precipitation]12ni
Y[Tmax,Tmean,Tmin,Precipitation]12ni
Y[Precipitation]19ni
Y[Tmax,Tmean]19ni
Y[Tmax,Tmean,Precipitation]19ni
Y[Tmax,Tmean,Tmin,Precipitation]19ni

Intercept Model Slope for different parameters
Tmax
Tmean
Tmin
Precipitation
83.53
-0.73 .
.
.
67.79
-2.31 2.03
.
.
60.85
-4.46 6.77
-2.55 .
68.50
-4.54 6.51
-2.23 -0.42
11.21
.
.
.
3.09
136.57
-6.59 6.08
.
.
119.74
-6.20 5.82
.
0.63
118.84
-6.46 6.43
-0.35 0.64
23.09
.
.
.
2.22
21.53
.
-5.38
6.52
.
-5.69
.
-4.34
5.67
0.95
-6.06
0.04
-4.41
5.69
0.96
26.98
.
.
.
2.67
82.65
-5.98 6.28
.
.
53.80
-4.77 5.19
.
1.34
75.79
-4.34 2.97
1.70
1.20

Note: In the model name the notation 92 is for the time 1980 to 1992; 02 is for 1993-2002; 12 is
for 2003 to 2012; and 19 is for 2013 to 2019 and ‘ni’ is for non-irrigated zone.
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Table 3.4

The best fitted linear and multilinear models for each 10-year period from time
series of 1980-2019 for non-irrigated county of Mississippi.

Period

Model No.

RSquare

Adjust BIC
ed Rsquare

SBC

AIC

Model-P

19801992

Y[Tmax]92ni

0.07

0.07

2878.5

2886.8

2877.1

<.0001

Y[Tmax,Tmean]92

0.16

0.16

2784.3

2797.2

2782.6

<.0001

0.19

0.19

2745.2

2762.8

2743.3

<.0001

0.20

0.20

2737.0

2759.4

2734.9

<.0001

0.15

0.15

1246.6

1253.7

1245.9

<.0001

0.39

0.39

1129.2

1138.9

1127.1

<.0001

0.39

0.39

1128.9

1142.5

1126.8

<.0001

0.39

0.39

1130.7

1148.1

1128.5

<.0001

0.10

0.10

1063.1

1069.1

1061.9

<.0001

0.28

0.28

1005.7

1014.5

1003.7

<.0001

0.29

0.28

1004.3

1016.5

1002.1

<.0001

0.29

0.28

1006.3

1022.1

1004.1

<.0001

0.09

0.08

744.8

749.7

743.2

<.0001

0.16

0.15

730.5

738.3

728.6

<.0001

0.18

0.17

729.0

739.9

726.9

<.0001

0.19

0.17

728.8

742.8

726.5

<.0001

ni

Y[Tmax,Tmean,T
min]92ni
Y[Tmax,Tmean,T
min,Precipitation]9
2ni

19932002

Y[Precipitation]02n
i

Y[Tmax,Tmean]02
ni

Y[Tmax,Tmean,Pr
ecipitation]02ni
Y[Tmax,Tmean,T
min,Precipitation]0
2ni

20032012

Y[Precipitation]12n
i

Y[Tmean,Tmin]12n
i

Y[Tmean,Tmin,Pr
ecipitation]12ni
Y[Tmax,Tmean,T
min,Precipitation]1
2ni

20132019

Y[Precipitation]19n
i

Y[Tmax,Tmean]19
ni

Y[Tmax,Tmean,Pr
ecipitation]19ni
Y[Tmax,Tmean,T
min,Precipitation]1
9ni
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Local crop modeling for agricultural districts in Mississippi
Based on the agricultural districts, the best models for crop yield response to climatic
change are summarized in Table 3.5-3.6 for irrigated agricultural zones, and Table 3.7-3.8 for
non-irrigated agricultural zones. Based on the irrigation census report from the USDA, we found
only three agricultural districts are irrigated mentionable Upper delta, Lower delta and central
districts.
In Upper Delta, Y[Tmax,Tmin]AG10i (adjusted R-square: 28%) and
Y[Tmax,Tmean,Precipitation]AG10ni (adjusted R-square: 73%) are the best models to show
climatic impacts on the irrigated and non-irrigated zones respectively. Both models have the
lowest AIC, BIC, and SBC values among the other models for this Upper Delta region. The
model Y[Tmax,Tmin]AG10i showed negative impact of Tmax and positive impact of Tmin in the
irrigated upper delta regions. The model Y[Tmax,Tmean,Precipitation]AG10ni indicated the
negative impact of Tmax but positive impact of Tmin and precipitation for the non-irrigated upper
delta regions.
In Lower Delta, Y[Tmax,Tmean,Tmin]AG40i (adjusted R-square: 26%) and
Y[Tmax,Tmean,Tmin]AG40ni (adjusted R-square: 9%) are the best models for irrigated and for
non-irrigated zones, respectively. Both models have the lowest AIC, and BIC values among the
other models for this Lower Delta region. The model Y[Tmax,Tmean,Tmin]AG40i showed the
negative impact of Tmax but positive impact of Tmean and Tmin for the irrigated Lower Delta
regions. Otherwise, the model Y[Tmax,Tmean,Tmin]AG40ni the negative impact of Tmax and Tmin;
but positive impact of Tmean for the non-irrigated Lower Delta region.
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In Central Delta, Y[Tmin,Precipitation]AG50i (adjusted R-square: 13%) and
Y[Tmax,Tmean,Precipitation]AG50ni (adjusted R-square: 22%) are explaining the best climatic
impacts for irrigated and for non-irrigated zones, respectively. Both models have the lowest AIC,
BIC, and SBC values among the other models for the Central Delta. The positive impacts of Tmin
and precipitation are reported for the irrigated Central Delta region from the model
Y[Tmin,Precipitation]AG50i. However, the negative impact of Tmax but positive impact of Tmean
and precipitation were observed for the non-irrigated Central Delta from the model
Y[Tmax,Tmean,Precipitation]AG50ni. Among the rest of the non-irrigated districts, the models
Y[Tmax,Tmean,Precipitation]AG20ni (adjusted R-square: 20%) for North Central;
Y[Tmax,Tmean]AG30ni (adjusted R-square:15%) for Northeast;
Y[Tmax,Tmean,Precipitation]AG60ni (adjusted R-square:30%) for East Central;
Y[Tmax,Tmean,Precipitation]AG70ni (adjusted R-square:36%) for Southwest;
Y[Tmax,Tmin,Precipitation]AG80ni (adjusted R-square: 29%) for South Central; and
Y[Tmax,Tmean]AG90ni (adjusted R-square:8%) for Southeast and Coastal districts are reportable.
All the models have the lowest AIC, BIC, and SBC values among the models for each of the
agricultural districts. Therefore, the Tmax, Tmean, precipitation are the dominant climatic factors
for the non-irrigated zones of Upper delta, North-central, Central, East central, Southwest and
South-central regions of Mississippi.
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Table 3.5
Agricultu
ral
district

The intercept and slope of linear and multilinear models for time series of 19802019 for irrigated agricultural districts of Mississippi.
Model Name

Interce
pt

Model Slope for
parameters
Tmax
Tmea Tmin
.
6.38
5.50

Precipit
ation
2.94
.
.

5.30

0.63

4.28
7.54
5.63

.
.
.

5.41

0.67

3.00
3.61
83.18

.
3.43
.

72.47

2.19

n

Upper
Delta
(code:10)

Lower
Delta
(Code:40)

Central
(Code:50)

Y[Precipitation]AG10i
Y[Tmax,Tmin]AG10i
Y[Tmax,Tmean,Tmin]AG10i

23.27
20.51
15.27

.
-4.64
-5.30

Y[Tmax,Tmean,Tmin,Precipitation]AG10i

-6.32

-4.90

Y[Tmin]AG40i
Y[Tmax,Tmin]AG40i
Y[Tmax,Tmean,Tmin]AG40i

-239.77
-164.43
-175.04

.
-3.34
-4.88

Y[Tmax,Tmean,Tmin,Precipitation]AG40i

-198.97

-4.48

Y[Tmin]AG50i
Y[Tmin,Precipitation]AG50i
Y[Tmax,Tmean,Tmin]AG50i

-155.79
-210.18
-71.16

.
.
74.74

Y[Tmax,Tmean,Tmin,Precipitation]AG50i

-142.77

66.67

.
.
1.5
8
1.5
4
.
.
3.5
5
3.5
6
.
.
155
.26
136
.02

different

Note: In the model name, the notation AG10, AG40 and AG50 are for the agricultural district
code 10, 40 and 50, respectively; The notation ‘i’ is for irrigated zone in the agricultural district.
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Table 3.6

The best fitted linear and multilinear models for time series of 1980-2019 for
irrigated agricultural districts of Mississippi.

Agricult
ural
district

Model Name

RSqu
are

Upper
Delta
(code:10
)

Y[Precipitation]AG10i

0.09

Adju
sted
Rsquar
e
0.09

Y[Tmax,Tmin]AG10i

0.29

0.28

Y[Tmax,Tmean,Tmin]AG10i

0.29

0.28

Y[Tmax,Tmean,Tmin,Precipitation]AG 0.30

0.28

10i

Lower
Delta
(Code:4
0)

Y[Tmin]AG40i

0.16

0.16

Y[Tmax,Tmin]AG40i

0.26

0.26

Y[Tmax,Tmean,Tmin]AG40i

0.27

0.26

Y[Tmax,Tmean,Tmin,Precipitation]AG 0.27

0.26

40i

Central
(Code:5
0)

BIC

SBC

AIC

ModelP

936.
1
886.
9
888.
3
889.
8
1079
.4
1053
.7
1053
.4
1054
.9
227.
9
225.
8

941.7

935.0

<.0001

894.8

884.8

<.0001

899.5

886.1

<.0001

904.2

887.6

<.0001

1084.
7
1061.
9
1064.
9
1069.
8
229.7

1077.
8
1051.
6
1051.
2
1052.
7
226.0

<.0001

228.8

223.3

0.018

<.0001
<.0001
<.0001

Y[Tmin]AG50i

0.08

0.06

Y[Tmin,Precipitation]AG50i

0.17

0.13

Y[Tmax,Tmean,Tmin]AG50i

0.18

0.12

227.
4

232.0

224.6

0.035

Y[Tmax,Tmean,Tmin,Precipitation]AG 0.19

0.12

229.
0

235.1

225.8

0.056

50i
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0.053

Table 3.7
Agricultural
district

The intercept and slope of linear and multilinear models for time series of 19802019 for non-irrigated agricultural districts of Mississippi.
Model Name

Upper Delta Y[Tmax]AG10ni
(code:10)
Y[Tmax,Tmean]AG10ni
Y[Tmax,Tmean,Precipitation]

Intercept

Model Slope for different parameters
Tmax

Tmean

Tmin

185.75
80.41
116.91

-1.92
-5.59
-7.17

.
5.63
7.10

.
.
.

Precipit
ation
.
.
-2.72

118.47

-7.18

6.64

0.54

-2.89

13.60
50.27
8.49

.
-5.86
-4.61

.
6.43
5.46

.
.
.

3.07
.
1.49

8.69

-4.57

5.38

0.05

1.49

17.14
40.42
42.65
50.71

.
-4.17
-3.68
-3.85

.
4.63
3.13
3.06

.
.
1.07
1.27

1.94
.
.
-0.33

114.12
71.13
72.87
68.12

-1.03
-3.24
-4.72
-4.58

.
3.09
7.42
7.45

.
.
-3.10
-3.27

.
.
.
0.20

-130.46
-137.03
-130.17

.
.
-3.26

.
.
5.72

2.49
2.40
.

.
2.78
2.41

-131.82

-3.51

6.36

-0.39

2.45

-113.27
-27.06
16.36

.
10.00
11.89

2.20
.
.

.
.
-1.71

14.57

-1.39

-1.67

-219.04
-106.64
-35.22

.
-8.06
10.11
11.41
.
-8.23
-9.86

.
11.21
12.25

3.81
.
.

.
.
-1.82

-26.33

-8.24

8.47

2.11

-1.92

AG10ni

North
Central
(Code:20)

Y[Tmax,Tmean,Tmin,Precipit
ation]AG10ni
Y[Precipitation]AG20ni
Y[Tmax,Tmean]AG20ni
Y[Tmax,Tmean,Precipitation]
AG20ni

Y[Tmax,Tmean,Tmin,Precipit
ation]AG20ni
Northeast
Y[Precipitation]AG30ni
(Code: 30)
Y[Tmax,Tmean]AG30ni
Y[Tmax,Tmean,Tmin]AG30ni
Y[Tmax,Tmean,Tmin,Precipit
ation]AG30ni
Lower Delta Y[Tmax]AG40ni
(Code:40)
Y[Tmax,Tmean]AG40ni
Y[Tmax,Tmean,Tmin]AG40ni
Y[Tmax,Tmean,Tmin,Precipit
ation]AG40ni
Central
Y[Tmin]AG50ni
(Code:50)
Y[Tmin,Precipitation]AG50ni
Y[Tmax,Tmean,Precipitation]
AG50ni

Y[Tmax,Tmean,Tmin,Precipit
ation]AG50ni
East central Y[Tmin]AG60ni
(Code: 60)
Y[Tmax,Tmean]AG60ni
Y[Tmax,Tmean,Precipitation]
AG60ni

Southwest
(Code: 70)

Y[Tmax,Tmean,Tmin,Precipit
ation]AG60ni
Y[Tmin]AG70ni
Y[Tmax,Tmean]AG70ni
Y[Tmax,Tmean,Precipitation]

14.98

AG70ni

Y[Tmax,Tmean,Tmin,Precipit
ation]AG70ni
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Table 3.7 (continued)
Agricultural
district

Model Name

South
Central
(Code: 80)

Y[Tmin]AG80ni
Y[Tmax,Tmin]AG80ni
Y[Tmax,Tmin,Precipitation]A

Intercept

Model Slope for different parameters
Tmax

Tmean

Tmin

-162.45
-53.66
16.53

.
-2.48
-3.88

.
.
.

2.92
4.60
5.57

Precipit
ation
.
.
-2.26

12.64

-4.87

2.09

4.51

-2.22

130.46
124.33
123.80
121.52

-1.25
-1.48
-3.41
-3.39

.
0.35
4.26
4.33

.
.
-1.98
-2.07

.
.
.
0.16

G80ni

Y[Tmax,Tmean,Tmin,Precipit
ation]AG80ni
Southeast
Y[Tmax]AG90ni
and Coastal Y[Tmax,Tmean]AG90ni
(Code: 90)
Y[Tmax,Tmean,Tmin]AG90ni
Y[Tmax,Tmean,Tmin,Precipit
ation]AG90ni

Note: In the model name, the notation AG10, AG20, AG30, AG40, AG50, AG60, AG70, AG80,
and AG90 are for the agricultural district codes 10, 20, 30, 40, 50, 60, 70, 80, and 90,
respectively; The notation ‘ni’ is for non-irrigated zone in the agricultural district.
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Table 3.8

The best fitted linear and multilinear models for time series of 1980-2019 for nonirrigated agricultural districts of Mississippi.

Agricul
tural
district

Model Name

RSquare

Adjus BIC
ted Rsquar
e

SBC

AIC

ModelP

Upper
Delta
(code:1
0)

Y[Tmax]AG10ni

0.36

0.35

121.0

125.3

121.9

<.0001

Y[Tmax,Tmean]AG10ni

0.56

0.53

108.1

113.8

108.6

<.0001

Y[Tmax,Tmean,Precipitation]AG1

0.75

0.73

89.1

93.0

86.1

<.0001

Y[Tmax,Tmean,Tmin,Precipitati
on]AG10ni
Y[Precipitation]AG20ni

0.75

0.73

91.1

96.5

87.8

<.0001

0.11

0.11

1347.8

1340.2

<.0001

Y[Tmax,Tmean]AG20ni

0.19

0.19

1322.6

1311.3

<.0001

Y[Tmax,Tmean,Precipitation]AG2

0.21

0.20

1323.0

1307.9

<.0001

Y[Tmax,Tmean,Tmin,Precipitati
on]AG20ni
Northea Y[Precipitation]AG30ni
st
(Code:
Y[Tmax,Tmean]AG30ni
30)
Y[Tmax,Tmean,Tmin]AG30ni

0.21

0.20

1328.8

1309.9

<.0001

0.06

0.05

1253.0

1245.6

<.0001

0.15

0.15

1227.1

1216.0

<.0001

0.16

0.15

1231.3

1216.4

<.0001

Y[Tmax,Tmean,Tmin,Precipitati
on]AG30ni
Y[Tmax]AG40ni
Y[Tmax,Tmean]AG40ni
Y[Tmax,Tmean,Tmin]AG40ni
Y[Tmax,Tmean,Tmin,Precipitati
on]AG40ni
Y[Tmin]AG50ni

0.16

0.14

1236.7

1218.1

<.0001

0.05
0.08
0.12
0.12

0.04
0.06
0.09
0.08

1341.
8
1313.
3
1310.
0
1312.
0
1247.
2
1218.
0
1218.
5
1220.
3
436.9
435.0
432.7
434.8

440.5
441.1
441.3
446.0

435.1
432.9
430.4
432.3

0.023
0.010
0.004
0.009

0.11

0.11

1150.4

1143.3

<.0001

Y[Tmin,Precipitation]AG50ni

0.21

0.20

1126.0

1115.3

<.0001

Y[Tmax,Tmean,Precipitation]AG5

0.23

0.22

1126.0

1111.8

<.0001

0.23

0.21

1144.
9
1117.
3
1114.
0
1116.
0

1131.5

1113.8

<.0001

0ni

North
Central
(Code:2
0)

0ni

Lower
Delta
(Code:4
0)
Central
(Code:5
0)

0ni

Y[Tmax,Tmean,Tmin,Precipitati
on]AG50ni
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Table 3.8 (continued)
Agricul
tural
district

Model Name

RSquare

Adjus BIC
ted Rsquar
e

SBC

AIC

ModelP

East
central
(Code:
60)

Y[Tmin]AG60ni

0.10

0.09

1030.0

1023.0

<.0001

Y[Tmax,Tmean]AG60ni

0.28

0.28

1024.
1
969.7

978.2

967.8

<.0001

Y[Tmax,Tmean,Precipitation]AG6

0.31

0.30

964.3

976.1

962.1

<.0001

Y[Tmax,Tmean,Tmin,Precipitati
on]AG60ni
Y[Tmin]AG70ni

0.31

0.30

966.2

981.4

963.9

<.0001

0.23

0.23

832.8

838.1

831.5

<.0001

Y[Tmax,Tmean]AG70ni

0.35

0.34

804.0

811.9

802.1

<.0001

Y[Tmax,Tmean,Precipitation]AG7

0.37

0.36

799.6

810.5

797.4

<.0001

Y[Tmax,Tmean,Tmin,Precipitati
on]AG70ni
Y[Tmin]AG80ni

0.37

0.36

800.4

814.4

798.1

<.0001

0.17

0.17

602.1

606.6

600.6

<.0001

Y[Tmax,Tmin]AG80ni

0.26

0.25

587.5

594.7

585.7

<.0001

Y[Tmax,Tmin,Precipitation]AG80n

0.31

0.29

580.7

590.5

578.4

<.0001

0.31

0.29

582.6

595.2

580.2

<.0001

0.08

0.08

648.6

653.1

646.6

<.0001

0.08
0.09
0.09

0.08
0.07
0.07

650.2
651.6
653.5

657.9
662.4
667.5

648.1
649.4
651.2

0.000
0.001
0.002

0ni

Southw
est
(Code:
70)

0ni

South
Central
(Code:
80)

i

Y[Tmax,Tmean,Tmin,Precipitati
on]AG80ni
Y[Tmax]AG90ni

Southea
st and
Coastal Y[Tmax,Tmean]AG90ni
(Code:
Y[Tmax,Tmean,Tmin]AG90ni
90)
Y[Tmax,Tmean,Tmin,Precipitati
on]AG90ni

Regional crop modeling for the whole Mississippi state
For Mississippi, the best model for crop yield response to climatic change for irrigated
and non-irrigated zones showed in Table 3.9&3.10, respectively. The model
Y[Tmax,Tmean,Tmin,Precipitation]MSi (adjusted R-square: 24%) and Y[Tmax,Tmean]MSni
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(adjusted R-square:14%) are explaining the best climate impacts for irrigated and for nonirrigated zones, respectively. Both models have the lowest AIC, and BIC values among the other
models for Mississippi. According to the model Y[Tmax,Tmean,Tmin,Precipitation]MSi, the
negative impact for Tmax, but positive impact for Tmean, Tmin, and precipitation were reported for
the irrigated zone of Mississippi. However, the model Y[Tmax,Tmean]MSni showed the negative
impact of Tmax and Tmean for the non-irrigated region of Mississippi.

Table 3.9
Zone

The intercept and slope of linear and multilinear models for irrigated and nonirrigated zone of Mississippi of 1980-2019 period.
Model Name

Interce
pt

Model Slope for
parameters
Tmax
Tmea Tmin

2.96

3.12
6.64
6.09
4.48

Precipitat
ion
.
.
1.50
1.48

.
4.77
4.95
5.02

.
.
.
-0.04

1.33
.
-0.26
-0.26

n

Mississipp
i
Irrigated

Mississipp
i
NonIrrigated

different

Y[Tmin]MSi
Y[Tmax,Tmin]MSi
Y[Tmax,Tmin,Precipitation]MSi
Y[Tmax,Tmean,Tmin,Precipitation]MSi

-165.10
-90.53
-138.02
-144.86

.
-3.52
-2.62
-3.93

.
.

Y[Precipitation]MSni
Y[Tmax,Tmean]MSni
Y[Tmax,Tmean,Precipitation]MSni
Y[Tmax,Tmean,Tmin,Precipitation]MSni

19.60
53.55
59.04
58.88

.
-4.47
-4.68
-4.71

Note: In the model name, the notation MS is for Mississippi state; The notation ‘i’ is for irrigated
zone and ‘ni’ for non-irrigated zones in the Mississippi state.
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Table 3.10

The best fitted linear and multilinear models for irrigated and non-irrigated zone of
Mississippi of 1980-2019 period.

Zone

Model No.

RSquar
e

Adjuste BIC
d
Rsquare

SBC

AIC

Model
-P

Mississip
pi
Irrigated

Y[Tmin]MSi

0.12

0.11

Y[Tmax,Tmin]MSi

0.23

0.23

Y[Tmax,Tmin,Precipitation]MSi

0.24

0.24

Y[Tmax,Tmean,Tmin,Precipitatio
n]MSi
Y[Precipitation]MSni

0.25

0.24

0.03

0.03

Y[Tmax,Tmean]MSni

0.14

0.14

Y[Tmax,Tmean,Precipitation]MSni

0.14

0.14

Y[Tmax,Tmean,Tmin,Precipitatio
n]MSni

0.14

0.14

2299.
4
2234.
8
2234.
7
2237.
2
7713.
2
7501.
1
7507.
1
7514.
6

2291.
0
2222.
2
2218.
0
2216.
2
7702.
2
7484.
6
7485.
0
7487.
0

<.000
1
<.000
1
<.000
1
<.000
1
<.000
1
<.000
1
<.000
1
<.000
1

Mississip
pi
NonIrrigated

2292.
4
2224.
2
2220.
0
2218.
3
7703.
7
7486.
6
7487.
1
7489.
1

Facts/ Hypothesis of regional climate change impact models for crop yield
To know a system, it is necessary to have multiple models to get the complete
information of that system. However, there is limitations of models for the complete
representation of a system. This study proposed several models based on 10-year temporal
period, agricultural districts, and at state level. To draw climate change impacts we modelled
each of the dominant factors of climate change e.g. Temperature, Precipitation and its changes
and estimated the relationship with crop yield.
According to the best 10-year models for irrigated and non-irrigated regions, we
estimated about 2 to 7 % significant negative impact of Tmax increase on the crop yield. About
2-10% negative impact of Tmax was estimated across different agricultural districts, whereas
about -2 to +17 % but alternative positive and negative impacts of precipitation observed for
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different districts. This study found both positive and negative impacts of seasonal precipitation
on crop yields in different periods (e.g. -1.8 to +1.5%) respectively, from 1980 to 2019.
The modeling of 40-year periods of the whole Mississippi state estimated a negative
impact of Tmax (about 2.7 to 8.34%) but a positive impact of Tmean (+8.9%) on crop yield
during the crop growing season for both irrigated and non-irrigated regions. Overall, we assess
that crop yields were negatively affected (about 2-8%) by the increase of Tmax during the
growing season for both irrigated and non-irrigated zones.
According to the model facts, the general relationship between temperature or
precipitation and crop yield was mapped (Figure 3.7 and 3.8). The map explained that irrigated
areas with lower maximum temperature typically had smaller residuals, while areas with higher
maximum temperature had larger residuals; similar trends showed in non-irrigated zones, which
was not as apparent as the irrigated zones. The trends for minimum or mean temperature and
precipitation was not obvious, which indicated that the modeling of climate impacts needs to be
explored in alternative periods and from place to place.
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Figure 3.6

The grid map of Climatic variables, such as minimum temperature (a), mean
temperature (b), maximum temperature (c), Precipitation (d), and residuals from
best yield model for the irrigated zone of Mississippi.
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Figure 3.7

The grid map of Climatic variables, such as minimum temperature (a), mean
temperature (b), maximum temperature (c), Precipitation (d), and residuals from
best yield model for the non-irrigated zone of Mississippi.

65

Discussions
Global warming has both positive and negative impact on food production based on
geographical locations (Alexandrov and Hoogenboom, 2000; Lobell and Field, 2007). However,
others stated as future warming will have severe impacts on crop production (Mavromatis, 2015;
Innes et al., 2015). This study also supported that seasonal rainfall variability and seasonal
temperature change has a negative impact on crop yield which is previously reported by
Challinor et al., (2014), Mbow et al., (2019), Müller et al., (2017); Nelson et al., (2009), Parry et
al., (2004), Wheeler and Von Braun, (2013).
This study found Tmax is a dominant factor compared to Tmean, Tmin and precipitation
for monitoring climatic impact on crop yields. Also, the increase of Tmax always significantly
and negatively impacts on crop yields. This seems more meaningful since increases in Tmax
would burn crop yield especially when soil moisture is low, while increase of Tmin could
enhance crop photosynthesis that potentially improve crop growth and yield. However, Meel et
al., (2007) opinioned as increase of daily Tmin will increase the daily Tmean eventually results
in extreme events, which could negatively impact crop yield reported by Hatfield et al., (2015).
Temperature and precipitation are directly related to crop growth and yield. Increasing
temperature causes reduced water availability during growing season, frequent heat events
causes damages of the flowering stages and accelerates phenology which results in decreasing
biomass production (Sabri et. al., 2018). Rate of plant growth and development is dependent on
specific the surrounding temperature range presented by minimum, maximum and optimum.
Outside of this range of temperature could affect plant pollination stage, ultimately results in
reduced food production (Hatfiled and Prueger, 2015).

66

Climate change has an indirect effect in irrigation water availability. Therefore, it will
cause water stress on irrigated and rainfed crop yields (Nelson et al., 2009). We found a negative
impact of Tmax increase in both irrigated and non-irrigated agricultural districts and whole MS
regions compared to irrigated areas. Due to climate change, in future, the irrigation will be a
necessary requirement for both irrigated and non-irrigated region to make sustainable crop
production.
We can emphasize on the increasing irrigation facility to adopt climate change but this
may increase crop production cost. The decreasing crop yields was reported even with
agronomic adjustments due to climatic impacts (Lizumi et al., 2018). Hence, the geographical
context of elevation, latitude and longitude which will also show variability of climatic impacts.
For the monitoring and adaptation of climate change impact on crop yields we need to
improve global data collection, dissemination and analysis (Nelson et al., 2009). Hence, we also
felt the necessity of county level crop data availability for other crops. Compared to global scale
model, local or regional model would be more reliable for simulation of future yield response.
The local and regional model can reduce the uncertainty of climate change impact compared to
global models. Because, the shifting of cropping areas is more identical in local modelling which
is a drawback for global model mentioned by Lobell and Field, (2007).
It is very important to periodically assess the impact of climatic trends on crop yield
(Johansson et al., 2015; Lobell et al., 2011). Therefore, we made 10-year periodical historical
models to identify regional pattern. Spatial detail for topographically diverse regions (Jones and
Thornton, 2003) and period both are important for assessing the climatic impacts on crop yields.
Hence, for local scale studies we need a proper management of data acquisition from the field
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level and hence draws the attention of USDA and FAO, to make the crop yields data available
for individual plots which will give more accurate statistical estimation of climate impact.
Conclusion
In this study, we analyzed the climatic impact on soybean yield from 1980 to 2019. This
study estimated the climatic impacts on crop yield at local and regional scales with a decadal
modeling approach, which significantly complements the uncertainty in climate change and the
relationship between it and crop yield that could not be found at a global scale. We found
significant negative impact of the increase in maximum temperature on soybean yield for both
irrigated and non-irrigated fields and within both short period (e.g., a 10-year period) and relative
long period (e.g., a 40-year period). We need to monitor this impact on a regular basis to adopt
the climate change to maintain sustainable crop yield and increasing demands of food production
for human needs. To maintain a sustainable food production, we need to draw attention of the
policy makers at local and regional levels for both short term and long-term goals. At local
levels, we can provide irrigation facilities to adopt temperature increase and extreme heat events.
Farmers may adopt genetically improved crops to adopt increases in maximum temperature and
be familiar with technologically improved equipment. Regular monitoring and modeling system
at local and regional levels are needed for even small changes of climatic parameters to maintain
a sustainable crop production system.
The research methods provided in this study can be applied to other regions and other
types of crops to monitor climatic impacts on crop yield locally and regionally. This will help the
farmers to select high temperature tolerant genotypes and save them from the production loss. It
is necessary to study the climatic factors for other types of crops at local and regional scales with
both short and long terms’ examinations to discover the climate changes’ effects on crop yields.
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CHAPTER IV
A REMOTE SENSING APPROACH FOR CROP YIELD FORECASTING ACROSS
DIFFERENT CLIMATIC REGIONS IN USA USING GOOGLE EARTH ENGINE
Literature Review
A crop yield prediction model is necessary for accurate measuring of food production.
Accurate and early assessment of crop yield can reduce crop production loss and help in strategic
planning to meet the demands (Doraiswamy et al., 2003; Johnson, 2014). To improve the food
production system, we need a better monitoring system that can support the crop production
monitoring and management system. Better estimates of crop production at the state and county
level are a great concern of U. S. Department of Agriculture (Doraiswamy et al., 2003).
There are natural (i.e. land surfaces, weather and climate, and natural hazards etc.) and
anthropogenic (crop variety, crop suitability, fertilizer, agrochemicals etc.) factors that are
influencing crop yield. Therefore, predicting crop yield accurately becomes a challenging task.
Remote sensing technology is now a popular technique for monitoring crops from the start of a
season to the harvest period, using different crop growth indexes i.e. Normalized Difference
Vegetative Index (NDVI) by Doraiswamy et al., (2004), Johnson, (2014), Mkhabela et al., 2011,
Seo et al., 2019, Shammi and Meng, (2020), Wall et.al. (2008); Enhanced Vegetative Index
(EVI) by Bolton and Friedl, (2013), Shammi and Meng, (2020), Yu et al., (2013), Zhang and
Zhang, (2016). Identifying crop growth condition using satellite data is helpful to make an
overall decision for crop production management and agricultural economy. To make a better
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yield prediction, monitoring crop growth of different stages and assessing the ground truth is
required for making yield model from remote sensing images. Hence, the uncertainty of
predicting crop yield in the early growth stage also depends on climate and model structure,
model assumptions and other ancillary data (Ines et al., 2013, Hansen et al., 2006). Temperature
or precipitation can be a good indicator of crop yield (Johnson, 2014). Wall et al. (2008) also
emphasized on the influence of climatic factors, such as the impacts of temperature and
precipitation on spatial and temporal patterns of NDVI and productivity. Besides, Doraiswamy et
al (2004) emphasized on monitoring regional cropping management practices for making crop
yield models.
Several researchers have attempted to improve crop yield model by implying different
methods. Beeri and Peled (2009) proposed geographical models with real time remote sensing by
combining spatial distribution of vegetation and compared with the precision agriculture model.
Although the results were not statistically significant, but they found the remote sensing
monitoring results more beneficial than the traditional control methods. Huang et al., (2015)
proposed a four-dimensional variational data assimilation cost function to reduce errors during
key phenological stages to improve winter wheat yield estimation by using Landsat TM and
MODIS data. Ines et al., (2013) showed improved maize yield prediction by assimilating
remotely sensed soil moisture and leaf area index (LAI) with a crop simulation model. You et al.,
(2017) first introduced a deep gaussian process to improve crop yield prediction, which is a
scalable, accurate, and inexpensive method.
However, only few remotely sensed crop yield models are found that considered climatic
impacts, mentionably Johnson, (2014); Kouadio et al., (2014). Risk associated with weather can
harm both farmers and crop production, and agri-business (Seo et al., 2019). Regarding remote
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sensing data analysis, Google Earth Engine (GEE) is a cloud-based platform and has high
computational efficiency. This platform can be used for geospatial processing on a variety of
high-impact societal issues including deforestation, drought, disaster, disease, food security,
water management, climate monitoring and environmental protection at different scale (Gorelick
et al., 2017). This platform also could be used for real-time crop yield forecasting, which will be
a future research demand. The timely estimation of crop yield with real time remotely sensed
data is demanding due to the economic impact of agricultural products on world economy
(Doraiswamy et al., 2003).
In this study, we monitored soybean crops growth, yield and climatic factors in thirty
states, USA from 2000 to 2019 on the GEE platform. We proposed crop yield forecast models
considering climatic factors and vegetative growth metrics for each climatic regions of USA.
These models will help to provide an overall estimates of crop production and aid in national
strategic planning.
Study area
Soybean is mainly cultivated in the 30 states of USA. These states are: Alabama,
Arkansas, Delaware, Florida, Georgia, Illinois, Indiana, Iowa, Kansas, Kentucky, Louisiana,
Maryland, Michigan, Minnesota, Mississippi, Missouri, Nebraska, New Jersey, New York, North
Carolina, North Dakota, Ohio, Oklahoma, Pennsylvania, South Carolina, South Dakota,
Tennessee, Virginia, West Virginia, and Wisconsin. These states are grouped into six climatic
regions based on U.S. National Oceanic and Atmospheric Administration (NOAA) e.g. Central,
East, Northeast, South, Southeast, and West North-central. The study area is showed in Fig. 4.1.
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Figure 4.1

Different climatic regions for Soybean cultivation in the Coterminous United
States.

Materials and Methods
Data collection
The soybean crop zone data were collected from USDA NASS (National Agriculture and
Statistics Service) cropland data layers (https://nassgeodata.gmu.edu/CropScape/). The soybean
yield data were collected at county level for different states of the climatic regions from the
USDA NASS (https://quickstats.nass.usda.gov/). This study used the MODIS terra surface
reflectance 8-day global 250m data (https://doi.org/10.5067/MODIS/MOD09Q1.006) to
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calculate NDVI dynamic crop growth metrics according to the formula proposed by Shammi and
Meng (2020). This study used VGM70 (Average NDVI of 70 days from the emergence),
VGM85 (Average NDVI of 85 days from the emergence), VGM120 (Average NDVI of 120
days from the emergence), VGM98T (Total NDVI of 98 days from the emergence), VGMmax
(Maximum NDVI of the growth season), and VGMmean (Average NDVI of the growth season),
growth metrics to forecast soybean crop yield for different climatic regions of USA. The surface
temperature during the day and night time were extracted from MODIS Terra land surface
temperature 8-day global 1 km data (https://doi.org/10.5067/MODIS/MOD11A2.006). The
precipitation data extracted from CHIRPS (Climate Hazards Group InfraRed Precipitation with
Station data), which is a 0.05-degree resolution satellite imagery
(https://doi.org/10.1038/sdata.2015.66). The geographic boundary for the county of each state
was collected from the United States Census Bureau TIGER dataset contains the 2018
boundaries (https://www.census.gov/programs-surveys/geography/guidance/tiger-data-productsguide.html). The crop planting and Harvesting dates for each state were collected from NASS
USDA available data
(https://www.nass.usda.gov/Publications/Todays_Reports/reports/fcdate10.pdf). All the data
were processed on the Google Earth Engine platform.
Data Processing on GEE platform
The data processing mainly consists of four steps. The data analysis process is described
schematically in Fig. 4.2. In step 1, all the required data are filtered to the specific time period of
2000 to 2019 using the function filterDate and the considered study area was obtained by using
the function filterBounds. In step 2, each of the specific bands were selected and multiplied with
the band factors. To avoid data variance by different sensors, we used the values of pixels greater
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or equal than 0.05. Then, we calculated specific indices pixel by a pixel basis for VGM metrics
and climatic factors. To note, to calculate NDVI, band “sur_refl_b01” and band “sur_refl_b02”
were used; band “LST_Day_1km” was used for DST index, and band “LST_Night_1km” was
used NST index, and the precipitation band is used to quantify “precipitation”. In step 3, each of
the indices are masked using CDL band “cropland” for soybean (value=5). The county scale is
applied to reduce the region by using the function Reducer. Steps 1-3 were finished on GEE
platform, and the county level data for each index were downloaded for crop yield modeling. We
followed the variable crop planting and harvesting date for each state mentioned by USDA
(2010). In step-4, the crop yield data, with VGM indexes and climatic factors were modelled by
using SAS and Python software. All the data plotting was done by using Python software.
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Figure 4.2

The schematic diagram for data processing on the GEE platform.
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Model Algorithm and Evaluation
The algorithm used to model the crop yield with vegetation metrics and climatic factors
are summarized below:

𝑦1 = 𝐼1 + 𝑎1 + 𝑏1 + 𝑐1 + 𝑑1

(4.1)

𝑦2 = 𝐼2 + 𝑎2 + 𝑏2 + 𝑐2 + 𝑑2

(4.2)

𝑦3 = 𝐼3 + 𝑎3 + 𝑏3 + 𝑐3 + 𝑑3

(4.3)

𝑦4 = 𝐼4 + 𝑎4 + 𝑏4 + 𝑐4 + 𝑑4

(4.4)

𝑦5 = 𝐼5 + 𝑎5 + 𝑏5 + 𝑐5 + 𝑑5

(4.5)

𝑦6 = 𝐼6 + 𝑎6 + 𝑏5 + 𝑐5 + 𝑑5

(4.6)

𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 𝐼7 + 𝑎1 + 𝑎2 + 𝑎3 + 𝑎4 + 𝑎5 + 𝑎6 + 𝑏5 + 𝑐5 + 𝑑5

(4.7)

where,𝑦1 , 𝑦2 , 𝑦3 , 𝑦4 , 𝑦5 , 𝑦6 𝑎𝑛𝑑 𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 represent soybean yield;
𝐼1 , 𝐼2 , 𝐼3 , 𝐼4 , 𝐼5 , 𝐼6 , 𝑎𝑛𝑑 𝐼7 represent the intercept values for the each of the corresponding model.
𝑎1 , 𝑎2 , 𝑎3 , 𝑎4 , 𝑎5 , 𝑎𝑛𝑑 𝑎6 are VGM70, VGM85, VGM98T, VGM120, VGMmean, and
VGMmax, respectively. 𝑏1 , 𝑏2 , 𝑏3 , 𝑏4 , 𝑎𝑛𝑑 𝑏5 are average day-time surface temperature (DST)
for the periods corresponding to VGM70, VGM85, VGM98T, VGM120, and VGM (mean or
max), respectively. 𝑐1 , 𝑐2 , 𝑐3 , 𝑐4 , 𝑎𝑛𝑑 𝑐5 are average night-time surface temperature (NST) for the
period corresponding to VGM70, VGM85, VGM98T, VGM120, and VGM (mean or max),
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respectively. And, 𝑑1 , 𝑑2 , 𝑑3 , 𝑑4 , 𝑎𝑛𝑑 𝑑5 are average precipitation for the period corresponding to
VGM70, VGM85, VGM98T, VGM120, and VGM (mean or max), respectively.
All the models are evaluated based on Adjusted R-square (Adj R-square), Root Mean
Square error (RMSE), Normalized Root mean Square error (NRMSE), Bayesians Information
Criteria (BIC). The Adj R-square, BIC, RMSE, NRMSE, and NMPE, are calculated using the
following equation (4.8), (4.9), (4.10), (4.11), and (4.12) respectively.

𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅 2 = 1 −

(𝑁 − 1). 𝑆𝑆𝐸
(𝑁 − 𝑃). 𝑆𝑆𝑇

(4.8)

where, p is the number of independent variables and N total number of observations. SSE
is the sum square error, and SST is the total sum square error of the model. The algorithm used
for BIC calculation is given below:

𝐵𝐼𝐶 = 𝑁. ln

𝑆𝑆𝐸 2 (𝑃 + 2)𝑁𝜎 2 2𝑁 2 𝜎 4
+
−
𝑁
𝑆𝑆𝐸
𝑆𝑆𝐸 2

(4.9)

where, N is the total number of observations, P is the number of parameters with
intercept, SSE is the error variance of the fitted model, σ is a constant positive term to reduce
model biasness.
𝑛

RMSE = √1/𝑛 ∑(𝑌 − 𝑦)

(4.10)

1

𝑛

1
NRMSE = √1/𝑛 ∑(𝑌 − 𝑦)
𝑦̂
1

77

(4.11)

𝑛

1 1
NMPE = × × ∑(𝑌 − 𝑦)
𝑦̂ 𝑛

(4.12)

1

Results
Yield analysis for climatic regions
The yield trend for the six climatic zones were showed in Fig. 4.3. This study found an
increasing trend for soybean production for all climatic zones. This study reported a disturbance
in soybean production for North East and South East regions during 2003-2008. The possible
reason behind this are climatic factors, crop suitability and so on. Also, there is a steady soybean
production in central, east, South, and west north south regions which are the major source of US
soybean production. This study also found the maximum soybean production in South and West
North central region due to climatic suitability.
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Figure 4.3

Soybean yield plots for different climatic zones Central (a), East (b), North East
(c), South (d), South East (e) and West North Central (f) regions in USA from
2000 to 2019.

Vegetative metrics and climatic factors for the climatic regions
The major influencing factors in crop yield modeling are VGMmax, and climatic factors
i.e. Average day-time surface temperature (DST), average night-time surface temperature (NST),
and average Precipitation are plotted in Fig. 4.4 to show the variation for each climatic region.
In the Central region, from 2000-2019, VGMmax ranged from 0.8 to 0.9, Average DST
ranged from 250-300 C (degree Celsius), Average NST ranged from 140-190 C, and Average
Precipitation 2-5 mm (millimeter).
In the East region, from 2000-2019, VGMmax ranged from 0.8 to 0.9, average DST
ranged from 240-300 C, average NST ranged from 120-160 C, and average Precipitation 2-4.5
mm.
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In the North East region, from 2000-2019, VGMmax ranged from 0.8 to 0.9, average
DST ranged from 210-27.50 C, average NST ranged from 12.50-17.50 C, and average
Precipitation 2-4 mm.
In the South region, from 2000-2019, VGMmax ranged from 0.7 to 0.85, average DST
ranged from 280-350 C, average NST ranged from 160-220 C, and average Precipitation 2-6 mm.
In the South East region, from 2000-2019, VGMmax ranged from 0.7 to 0.9, average
DST ranged from 250-32.50 C, average NST ranged from 150-200 C, and average Precipitation 26 mm.
In the West North Central region, from 2000-2019, VGMmax ranged from 0.75 to 0.9,
average DST ranged from 250-310 C, average NST ranged from 110-17.50 C, and average
Precipitation 1.5-4.5 mm. To note, all the VGMmax and Climatic factor values are corresponded
to the soybean cultivation zone.
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Figure 4.4

The 24 Scatter plots for each climatic zone (VGMmax, average day time surface
temperature (DST), average night-time surface temperature (NST), precipitation,
respectively).
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Modeling Soybean yield with vegetative metrics and climatic factors
For each climatic region, we found total seven (y1, y2, y3, y4, y5, y6, and ycombined) models.
The best predicted models are mentioned in Table 4.1. The details modeling results included in
Appendix Table A.5. According to the model results, the ycombined model for central, Northeast,
South, and Southeast climatic zone showed about same reliability (Adj R-square of 0.49, 0.49,
0.49, and 0.33 respectively). The NRMSE value of these models are 0.139, 0.145, 0.221, and
0.216, respectively. A higher predictability observed for the ycombined model for the East and West
North central regions (Adj R-square: 0.68, and 0.71, respectively).
Based on the model parameters, for central region, we found positive impact of VGM70,
VGM120, VGMmax, Average NST and Precipitation predictors whereas the negative impact
observed for VGMmean and Average DST variables. Regarding East climatic region, the study
found negative impacts of VGM70, VGM98T, VGMmean and positive impacts for VGM120,
VGMmax, Average DST, Average NST, and precipitation. For Northeast region, the positive
impacts for VGM70, VGM85, VGM120, VGMmax, Average DST, and precipitation; the
negative impacts for VGM98T, VGMmean, and Average NST predictors observed. From the
ycombined model of the South region, the VGM85, VGM98T, VGMmax, Average DST, and
precipitation reported as positive predictors and the VGMmean, and Average NST as negative
predictors. According to the Southeast regions crop yield model, VGM85, VGM120, VGMmax,
and precipitation are positive predictors, and the VGM98T, VGMmean, and Average NST, are
negative predictors. Therefore, for West North central regions, VGM70, VGM120, VGMmax,
Average DST, Average NST and Precipitation are the positive factors and the VGM85 and
VGM98T found as negative factors.
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Table 1.1

Yield prediction model for Each climatic region of USA for Soybean crop.

Best Models
Central climatic zone:
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 71.48 + 16.26 ∗ 𝑎1 + 51.66 ∗ 𝑎4
− 100.85 ∗ 𝑎5 + 159.72 ∗ 𝑎6 − 0.62
∗ 𝑏5 + 0.12 ∗ 𝑐5 + 1.12 ∗ 𝑑5
East climatic Zone:
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = −718.2 − 13.7 ∗ 𝑎1 − 2.2 ∗ 𝑎3 + 147.9
∗ 𝑎4 − 83.02 ∗ 𝑎5 + 176.3 ∗ 𝑎6
+ 0.13 ∗ 𝑏5 + 1.9 ∗ 𝑐5 + 0.68 ∗ 𝑑5
North-East Climatic zone:
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = −115.65 + 14.66 ∗ 𝑎1 + 51.8 ∗ 𝑎2
− 4.38 ∗ 𝑎3 + 47.27 ∗ 𝑎4 − 79.17
∗ 𝑎5 + 170.3 ∗ 𝑎6 + 0.99 ∗ 𝑏5
− 0.98𝑐5 + 0.76 ∗ 𝑑5
South Climatic Zone:
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 97.73 + 56.5 ∗ 𝑎2 + 2.87 ∗ 𝑎3 − 142.7
∗ 𝑎5 + 142.98 ∗ 𝑎6 + 0.61 ∗ 𝑏5
− 1.17 ∗ 𝑐5 + 1.55 ∗ 𝑑5
South-East Climatic zone:
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 324.54 + 13.83 ∗ 𝑎2 − 2.28 ∗ 𝑎3
+ 31.59 ∗ 𝑎4 − 63.55 ∗ 𝑎5
+ 140.86 ∗ 𝑎6 − 0.81 ∗ 𝑐5 + 1.6 ∗ 𝑑5
West-Northcentral climatic zone:
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = −1023.9 + 39.6 ∗ 𝑎1 − 15.6 ∗ 𝑎2
− 6.77 ∗ 𝑎3 + 68.78 ∗ 𝑎4 + 142.52
∗ 𝑎6 + 1.66 ∗ 𝑏5 + 1.48 ∗ 𝑐5 + 1.61
∗ 𝑑5
N.B. All models have a P-value less than 0.001.

Adj Rsquare

RMSE

NRMSE BIC

0.49

6.354

0.139

25720.3

0.68

5.111

0.113

15189.5

0.49

6.111

0.145

4425.1

0.49

8.021

0.221

13493.5

0.33

7.313

0.216

10226.2

0.71

6.580

0.153

9694.9

Based on the ycombined model for the climatic regions, we found VGM120 and VGMmax
are the dominant predictors for East and West north central region, whereas VGMmean and
VGMmax are the dominant predictors for Central, Northeast, South, and Southeast regions. The
VGMmax and precipitation is always a positive and VGMmean a negative predictor for all
regions. However, the Average DST has a positive impact on the crop yields on the East,
Northeast, South, and West north central region; a negative impact on Central region; and no
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impacts on Southeast regions. Otherwise, for the Average NST factor, it has a positive impact on
crop yield for Central, East and West north central regions but a negative impact for South,
Northeast and Southeast regions.
Cross-Validation of the models
Table 4.2

The cross-validation results of the best models for the climatic zones of USA.

Model
Central climatic region:
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 60.16 + 14.35 ∗ 𝑎1 + 53.5 ∗ 𝑎4
− 100.33 ∗ 𝑎5 + 166.41 ∗ 𝑎6 − 0.55
∗ 𝑏5 + 0.07 ∗ 𝑐5 + 1.07 ∗ 𝑑5
East climatic region:
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = −713.82 − 12.32 ∗ 𝑎1 − 2.19 ∗ 𝑎3
+ 149.7 ∗ 𝑎4 − 84.36 ∗ 𝑎5
+ 172.9 ∗ 𝑎6 + 0.15 ∗ 𝑏5 + 1.87 ∗ 𝑐5
+ 0.8 ∗ 𝑑5
North-East Climatic Region:
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = −145.7 + 12.20 ∗ 𝑎1 + 49.3 ∗ 𝑎2 − 3.25
∗ 𝑎3 + 39.97 ∗ 𝑎4 − 82.58 ∗ 𝑎5
+ 172.86 ∗ 𝑎6 + 1.20 ∗ 𝑏5 − 1.09𝑐5
+ 0.56 ∗ 𝑑5
South climatic region:
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 85.44 + 61.55 ∗ 𝑎2 + 2.21 ∗ 𝑎3
− 136.56 ∗ 𝑎5 + 139.36 ∗ 𝑎6 + 0.64
∗ 𝑏5 − 1.17 ∗ 𝑐5 + 1.67 ∗ 𝑑5
Southeast climatic region:
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 284.34 + 12.01 ∗ 𝑎2 − 2.41 ∗ 𝑎3
+ 33.25 ∗ 𝑎4 − 55.69 ∗ 𝑎5
+ 143.25 ∗ 𝑎6 − 1.21 ∗ 𝑐5 + 1.82 ∗ 𝑑5
West north central climatic region:
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = −1024 + 41.04 ∗ 𝑎1 − 14.05 ∗ 𝑎2
− 6.95 ∗ 𝑎3 + 66.26 ∗ 𝑎4 + 139.22
∗ 𝑎6 + 1.69 ∗ 𝑏5 + 1.46 ∗ 𝑐5 + 1.73
∗ 𝑑5
N.B. All models have P-value less than 0.001.

NMPE

RMSE

NRMSE

-0.002

6.446

0.141

-0.005

4.986

0.111

0.004

5.851

0.139

0.007

7.979

0.220

0.009

7.199

0.213

0.005

6.335

0.148

We classified the data into 80% training and 20% testing for cross validation of the
models. The NMPE, RMSE and NRMSE calculated for the best models of each climatic regions.
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All the cross-validated models showed about -0.2% to 0.9% mean prediction error. The crossvalidation results are showed in the Table- 4.2.
This study estimated least NMPE for each of the models i.e. -0.002 for Central region, 0.005 for East region, 0.004 for Northeast region, 0.007 for South region, 0.009 for Southeast
region, and 0.005 for West North Central region, respectively. The cross validated models also
showed NRMSE of 0.141, 0.111, 0.139, 0.220, 0.213, and 0.148 for the regions of Central, East,
Northeast, South, Southeast, and West north central, respectively.
General application of crop yield prediction model
This study proposed best six soybean yield models for six climatic regions (e.g. central,
east, north-east, south, south-east, west north central) of United states. The different climatic
region showed the variation of the regional crops production level and the prediction accuracy.
The models are applicable to different regions with similar climate pattern. The variability of
climate parameters, e.g. average DST, average NST, Precipitation for different regions, is
identified in the crop prediction model and the uncertainty is minimized in the soybean
prediction. Different VGM metrics of the crop yield model will be helpful to identify the crop
growth condition. Hence, these VGM metrics are independent of the climatic influence.
However, these models will not be able to draw the sudden changes of climate e.g. tornado,
drought, extreme heat, and snow etc. Besides, the models are focused on the crop growth season
period only. So, outside of the crop growing season, these models will not be applicable. To
predict the crops production, for any climatic regions, we need to maintain the start of season for
any crop.
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Discussions
An accurate crop yield forecasting is a challenging demand. Many researchers already
proposed several crop yield forecasting models. Similar to other studies (Doraiswamy et al.,
2003, 2004; Huang et al., 2015; Johnson, 2014; You et al., 2017; Zhang and Zhang, 2016), this
study proposed an improved crop yield forecasting model by considering the variability of
climatic and geographical extent. Compared to Johnson (2014) studied, we found both positive
and negative impacts on soybean yield for average DST and average NST based on the climatic
regions and a positive impact of precipitation for all U.S. climatic divisions. However, it is well
reported that climatic impacts on crop yield varied based on geographical locations (Kukal et al.,
2018; Lizumi et al. 2017; Lobell and Field, 2007; Ray et al. 2015). Also, the diurnal variation of
land surface temperature due to solar insolation, atmospheric state, and land surface
characteristics and its importance for the evaluation of land surface model recognized by
Sharifnezhadazizi et al., (2021).
This study is first to use vegetative growth metrics from satellite images in proposing a
combined yield model with addition of other remotely sensed climatic parameters. This study has
improved Adj R-square from 0.33 to 0.71, considering the climatic factors compared to Johnson,
2014. Furthermore, this study also found RMSE 4.9 to 7.9 kg/acre which is less than the studies
from Kouadio et al., (2014), and Mkhabela et al., (2011) for crop yield prediction.
Hence, this study predicted a crop yield compared to NASS soybean yield that is 0.2%
and 0.5% less in Central and East regions; and an above of 0.4% in Northeast, 0.7% South; 0.9%
Southeast; and 0.5% in West north central regions. Whereas, Doraiswamy et al., (2004) reported
a simulated soybean yield that was 6.6% higher compared to NASS soybean yield. Overall, this
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study can be helpful to predict crop yield accurately and will give a baseline for future real time
crop yield prediction studies.
Conclusion
This study made crop yield forecasting models from remotely sensed data for each of the
climatic division of USA. These models are helpful to provide an overall estimate with less cost
and labors which will help US Department of Agriculture for strategic planning and marinating
sustainable food production. Although the models showed about 71% highest reliability but the
highest NMPE is about 0.007 from the cross validated models. These models considered the
variability of climatic factors (day and night-time surface temperature and precipitation) for
different geographical locations. This study modelled the uncertainty caused by climatic events
for crop yield prediction. This study proposed models for soybean crop in USA, but the
methodology is applicable to other crops and geographical regions.
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CHAPTER V
SUMMARY
Regional crop growth and yield modeling using geospatial technology is a nondestructive, cost efficient and reliable method. Satellite imagery are used to derive indexes e.g.
the normalized difference vegetation index (NDVI) and enhanced vegetation index (EVI) which
are widely applicable for crop yield analysis. First, our initial attempt was to monitor crop
growth from the satellite images. Therefore, In the first chapter, we developed 19 NDVI- and
EVI-based growth metrics, respectively, to monitor crop growth and yield, which is based on a
time series of MODIS Terra 16-day 250m data product from 2000 to 2018. These are NDVI- and
EVI-based novel vegetation growth metrics indices based on crop phenological and ecological
characteristics. Among the NDVI- and EVI-based vegetation growth metrics (VGM), the
maximum (VGMmax), the integrated (VGMinteg), the sum of green-up (VGMsumgrn), the 70
days growth stage (VGM70), 85 days growth stage (VGM85), and 98 days growth stage
(VGM98), the sum of 85 days growth stage (VGM85total), and the sum of 98 days growth stage
(VGM98total) are mentionable. In this chapter, we studied soybean growth and yield at
Mississippi delta, Mississippi, USA. Soybean is a major crop cultivated in this region which is
consisted of a total of 18 counties with similar agricultural cropping patterns. We observed that
NDVI- and EVI-based VGMmax, VGM70, VGM85, VGM98total fitted models best with RSquare about 0.95. Using cross-validation of 80% train and 20% test size, we found NDVI-based
VGM85 (e.g., normalized mean prediction error (NMPE) =0.034) and EVI-based VGMmax
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(NMPE=0.033) were the best fit linear yield models for this region. These growth metrics can be
applied to other types of crops to monitor growth and yield of other regions.
Second, our objective was to model the climatic impacts (temperature and precipitation)
on crop yields and model the uncertainty of the weather and climate. In the second chapter, we
used linear regression models to assess the impact of climates on crop yield spatially and
temporally by managing irrigated and non-irrigated crop fields. Considering climate data Tmax
(maximum temperature), Tmean (mean temperature), Tmin (minimum temperature), and
precipitation values and county level soybean annual yields from 1980 to 2019, we fit a series of
linear models. According to the results, the model Y[Tmax,Tmin,Precipitation]92i (Bayesian
Information Criteria, BIC= 120.2) for irrigated zones and Y[Tmax,Tmean,Precipitation]02ni
(BIC=1128.9) for non-irrigated zones showed the best fit for the 10 year period of climatic
impacts on crop yields. The yield models for different agricultural districts explained the impacts
of the climate both in the irrigated zones (adj R-square: 13-28%) and in the non-irrigated zones
(adj R-square: 8-73%). Considering the whole Mississippi region for 40-year periods, we
obtained the best model Y[Tmax,Tmean,Tmin,Precipitation]MSi (BIC= 2218.3) for irrigated
zones and the best model Y[Tmax,Tmean]MSni (BIC=7886.6) for the non-irrigated regions,
respectively. Overall, among the best models of the regional and temporal scales, we found both
irrigated and non-irrigated zones crop yields will be significantly and negatively affected by the
increase of Tmax of during a growth season. However, both positive and negative impacts on crop
yields observed for the increases of Tmean and Tmin, respectively, for both irrigated and nonirrigated zones, which explains the regional variability. Hence, precipitation has both positive
and negative impacts on the soybean yields.
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Third, our last goal was to forecast crop yield from remote sensing images. We used the
support from Google Earth engine to process the satellite images for crop greenness and climatic
factors. We proposed six best crop yield models for each of the climatic zones of Central, East,
Northeast, South, Southeast and West North central regions of U.S. National Oceanic and
Atmospheric Administration (NOAA) climatic divisions. We monitored about 30 States for
soybean production with their respective remote sensing parameters i.e. Vegetative Growth
metrics (VGMs) of NDVI (Normalized Difference Vegetation Index) and climatic factors (i.e.
Day-Time Surface Temperature (DST), Night-Time Surface Temperature (NST), and
Precipitation). All the proposed models showed NRMSE (Normalized Root Mean Square Error)
ranges from 0.11 to 0.23. The lowest and highest BIC (Bayesians Information Criteria) values
for the models reported as 9694.9 and 25720.3, respectively. All the models showed a p-value
less than 0.001. Based on the cross validation (80% training and 20% testing), we found the best
yield predicted model in the East region with least NRMSE of 0.11 and NMPE (Normalized
Mean Prediction error) of about -0.005. The NMPE for other regions are about -0.002 for Central
region, 0.004 for Northeast region, 0.007 for South region, 0.009 for Southeast region, and 0.005
for West North Central region, respectively. This study will help the national agricultural
management system for better monitoring of crop and accurate yield prediction.
Fourth, this study proposed several models for the climate change impacts on crop yield
and to forecast crop yield for different climatic regions of USA. All the models are applicable to
other regions by maintain the model parameters condition. Hence, we used crop growing season
period to model both the climate change impacts and yield forecasting. Therefore, for any other
region, to apply these models, we need to emphasize on the start of the crop growing season,
Crop zone area changes with time etc. These models will not be applicable outside of the crop
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growing season period. Also, the scale, and data availability will be another factor to apply these
models for other regions.
Overall, all the studies included here, will help agricultural production and management
system to monitor crops and forecast yield using remote sensing technology. This study will
provide a baseline information to U.S. department of agriculture for real time modeling of the
climate impact to crops and improving the predictability for crop growth and production. Hence,
this study is based on the publicly available data, with the improved data accuracy, the model’s
predictability will be improved. The methods are also applicable to other crops as well.
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Table A.1

Details date and algorithm for VGM metrics calculation

VGM metrics

VGMsos

VGMmax

VGMinteg

Date (L=Leap year, R= MODIS data product Formula
Regular
year, (NDVI and EVI)
DAP=Days
after
planting)
𝑖𝑒=𝑛
1
Growth Period:
MOD13Q1.0006.000113
∑
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
April 21-May 7
𝑛
𝑖𝑖=1
(DAP 0)
Data acquisition:
n=number of data products
1)April 22 (L) / 23 (R)
for ith observations
ii=Initial data product, and
ie=End data product
𝑖𝑒 = 𝑛
Growth Period:
MOD13Q1.0006.000113
𝑀𝑎𝑥 {
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑖𝑖 = 1
April 21- September 5
MOD13Q1.0006.000129
Data acquisition:
MOD13Q1.0006.000145
n=number of data products
1)April 22 (L) / 23 (R)
MOD13Q1.0006.000161
for ith observations
2)May 8 (L)/ 9 (R)
MOD13Q1.0006.000177
ii=Initial data product, and
3)May 24 (L)/ 25 (R)
MOD13Q1.0006.000193
ie=End data product
4)June 9 (L)/ 10 (R)
MOD13Q1.0006.000209
5)June 25 (L)/ 26 (R)
MOD13Q1.0006.000225
6)July 11(L)/ 12 (R)
MOD13Q1.0006.000241
7)July 27 (L)/28 (R)
8)August 12 (L)/13(R)
9)August 28 (L)/ 29(R)
𝑖𝑒=𝑛
Growth Period:
MOD13Q1.0006.000113
∑
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
April 21- September 5
MOD13Q1.0006.000129
𝑖𝑖=1
Data acquisition:
MOD13Q1.0006.000145
1)April 22 (L)/ 23 (R)
MOD13Q1.0006.000161
n=number of data products
2)May 8 (L)/ 9 (R)
MOD13Q1.0006.000177
for ith observations
3)May 24 (L)/ 25 (R)
MOD13Q1.0006.000193
ii=Initial data product, and
4)June 9 (L)/ 10 (R)
MOD13Q1.0006.000209
ie=End data product
5)June 25 (L)/ 26 (R)
MOD13Q1.0006.000225
6)July 11 (L)/ 12 (R)
MOD13Q1.0006.000241
7)July 27 (L)/ 28 (R)
8) August 12(L)/ 13(R)
9)August 28(L)/ 29(R)
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Table A.1 (continued)
VGM metrics

VGMsumgrn

VGMsumsen

VGM50

Date (L=Leap year, R=
Regular
year,
DAP=Days
after
planting)
Growth Period:
April 21- September 5
Data acquisition:
1)April 22 (L)/ 23 (R)
2)May 8 (L)/ 9 (R)
3)May 24 (L)/ 25 (R)
4)June 9 (L)/ 10 (R)
5)June 25 (L)/ 26 (R)
6)July 11 (L)/ 12 (R)
7)July 27 (L)/ 28 (R)
8) August 12 (L)/ 13 (R)
9)August 28 (L)/ 29 (R)
Growth Period:
April 21- September 5
Data acquisition:
1)April 22 (L) / 23 (R)
2)May 8 (L)/ 9 (R)
3)May 24 (L)/ 25 (R)
4)June 9 (L)/ 10 (R)
5)June 25 (L)/ 26 (R)
6)July 11 (L)/ 12 (R)
7)July 27 (L)/ 28 (R)
8) August 12 (L)/ 13 (R)
9)August 28 (L)/ 29 (R)
Growth Period:
May 8 (DAP 1)-June 27
(DAP 50)

MODIS data product Formula
(NDVI and EVI)
MOD13Q1.0006.000113
MOD13Q1.0006.000129
MOD13Q1.0006.000145
MOD13Q1.0006.000161
MOD13Q1.0006.000177
MOD13Q1.0006.000193
MOD13Q1.0006.000209
MOD13Q1.0006.000225
MOD13Q1.0006.000241

MOD13Q1.0006.000113
MOD13Q1.0006.000129
MOD13Q1.0006.000145
MOD13Q1.0006.000161
MOD13Q1.0006.000177
MOD13Q1.0006.000193
MOD13Q1.0006.000209
MOD13Q1.0006.000225
MOD13Q1.0006.000241

MOD13Q1.0006.000129
MOD13Q1.0006.000145
MOD13Q1.0006.000161
MOD13Q1.0006.000177

Data acquisition:
1)May 8 (L)/ 9 (R)
2)May 24 (L)/ 25 (R)
3)June 9 (L)/ 10 (R)
4)June 25 (L)/ 26 (R)
VGM85

Growth Period:
June 28 (DAP 51)August 1 (DAP 85)

MOD13Q1.0006.000193
MOD13Q1.0006.000209

𝑖𝑒=𝑁𝑚𝑎𝑥

∑

(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑖𝑖=1

Where,
𝑁𝑚𝑎𝑥
𝑖𝑒 = 𝑛
= 𝑀𝑎𝑥 {
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑖𝑖 = 1
n=number of data products
for ith observations
ii=Initial data product, and
ie=End data product

∑𝑖𝑒=𝑛
𝑖𝑖=𝑁𝑚𝑎𝑥(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡) −
Nmax
Where,
𝑁𝑚𝑎𝑥
𝑖𝑒 = 𝑛
= 𝑀𝑎𝑥 {
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑖𝑖 = 1
n=number of data products
for ith observations
ii=Initial data product, and
ie=End data product

𝑖𝑒=𝑛
1
∑
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑛
𝑖𝑖=1

n=number of data products
for ith observations
ii=Initial data product, and
ie=End data product

𝑖𝑒=𝑛
1
∑
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑛
𝑖𝑖=1

n=number of data products
for ith observations
ii=Initial data product, and
ie=End data product

Data acquisition:
1) July 11 (L)/ 12 (R)
2) July 27 (L)/ 28 (R)
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Table A.1 (continued)
VGM metrics

VGMeos3P

VGM20

Date (L=Leap year, R=
Regular
year,
DAP=Days
after
planting)
Growth Period:
August 2 (DAP 86)September 5(DAP 120)

MODIS data product Formula
(NDVI and EVI)
MOD14Q1.0006.000225
MOD13Q1.0006.000241

Data acquisition:
1) August 12 (L)/ 13 (R)
2)August 28 (L)/ 29 (R)
Growth Period:
MOD13Q1.0006.000129
May 8 (DAP 1)-May 27 MOD13Q1.0006.000145
(DAP 20)

Growth Period:
MOD13Q1.0006.000161
May 28 (DAP 21)-June 16
(DAP 40)
Data acquisition:
1)May 24 (L)/ 25 (R)

VGM70

VGM98

Growth Period:
June 17 (DAP 41)July 16 (DAP 70)

n=number of data products
for ith observations
ii=Initial data product, and
ie=End data product
𝑖𝑒=𝑛
1
∑
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑛
𝑖𝑖=1
n=number of data products
for ith observations
ii=Initial data product, and
ie=End data product

Data acquisition:
1)April 22 (L) / 23 (R)
2)May 8 (L)/ 9 (R)
VGM40

𝑖𝑒=𝑛
1
∑
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑛
𝑖𝑖=1

MOD13Q1.0006.000177
MOD13Q1.0006.000193

Data acquisition:
1)June 25 (L)/ 26 (R)
2)July 11 (L)/ 12 (R)
Growth Period:
MOD13Q1.0006.000209
July 17 (DAP 71)- August MOD13Q1.0006.000225
14 (DAP 98)

𝑖𝑒=𝑛
1
∑
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑛
𝑖𝑖=1

n=number of data products
for ith observations
ii=Initial data product, and
ie=End data product
𝑖𝑒=𝑛
1
∑
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑛
𝑖𝑖=1
n=number of data products
for ith observations
ii=Initial data product, and
ie=End data product
𝑖𝑒=𝑛
1
∑
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑛
𝑖𝑖=1
n=number of data products
for ith observations
ii=Initial data product, and
ie=End data product

Data acquisition:
1)July 27 (L)/ 28 (R)
2) August 12 (L)/ 13 (R)
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Table A.1 (continued)
VGM metrics

VGMeos5P

VGM20total

VGM40total

VGM50total

VGM70total

Date (L=Leap year, R= MODIS data product Formula
Regular
year, (NDVI and EVI)
DAP=Days
after
planting)
𝑖𝑒=𝑛
1
Growth Period:
MOD13Q1.0006.000241
∑
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
August 15 (DAP 99)𝑛
𝑖𝑖=1
September 5 (DAP 120)
n=number of data products
Data acquisition:
for ith observations
1)August 28 (L)/ 29 (R)
ii=Initial data product, and
ie=End data product
𝑖𝑒=𝑛
Growth Period:
MOD13Q1.0006.000113
∑
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
April 21- May 27
MOD13Q1.0006.000129
𝑖𝑖=1
MOD13Q1.0006.000145
Data acquisition:
n=number of data products
1)April 22 (L) / 23 (R)
for ith observations
2)May 8 (L)/ 9 (R)
ii=Initial data product, and
3)May 24 (L)/ 25 (R)
ie=End data product
𝑖𝑒=𝑛
Growth Period:
MOD13Q1.0006.000113
∑
(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
April 21- June 16
MOD13Q1.0006.000129
𝑖𝑖=1
MOD13Q1.0006.000145
Data acquisition:
MOD13Q1.0006.000161
n=number of data products
1)April 22 (L) / 23 (R)
for ith observations
2)May 8 (L)/ 9 (R)
ii=Initial data product, and
3)May 24 (L)/ 25 (R)
ie=End
data
product
4)June 9 (L)/ 10 (R)
n=number of data products
Growth Period:
April 21- June 27
Data acquisition:
1)April 22 (L) / 23 (R)
2)May 8 (L)/ 9 (R)
3)May 24 (L)/ 25 (R)
4)June 9 (L)/ 10 (R)
5)June 25 (L)/ 26 (R)
Growth Period:
April 21- July 16
Data acquisition:
1)April 22 (L) / 23 (R)
2)May 8 (L)/ 9 (R)
3)May 24 (L)/ 25 (R)
4)June 9 (L)/ 10 (R)
5)June 25 (L)/ 26 (R)
6)July 11 (L)/ 12 (R)

MOD13Q1.0006.000113
MOD13Q1.0006.000129
MOD13Q1.0006.000145
MOD13Q1.0006.000161
MOD13Q1.0006.000177

MOD13Q1.0006.000113
MOD13Q1.0006.000129
MOD13Q1.0006.000145
MOD13Q1.0006.000161
MOD13Q1.0006.000177
MOD13Q1.0006.000193
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𝑖𝑒=𝑛

∑

(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑖𝑖=1

n=number of data products
for ith observations
ii=Initial data product, and
ie=End data product
𝑖𝑒=𝑛

∑

(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑖𝑖=1

n=number of data products
for ith observations
ii=Initial data product, and
ie=End data product

Table A.1 (continued)
VGM metrics

Date (L=Leap year, R=
Regular year,
DAP=Days after
planting)

MODIS data product
(NDVI and EVI)

VGM85total

Growth Period:
April 21- August 1

MOD13Q1.0006.000113
MOD13Q1.0006.000129
MOD13Q1.0006.000145
MOD13Q1.0006.000161
MOD13Q1.0006.000177
MOD13Q1.0006.000193
MOD13Q1.0006.000209

Data acquisition:
1)April 22 (L) / 23 (R)
2)May 8 (L)/ 9 (R)
3)May 24 (L)/ 25 (R)
4)June 9 (L)/ 10 (R)
5)June 25 (L)/ 26 (R)
6)July 11 (L)/ 12 (R)
7)July 27 (L)/ 28 (R)

VGM98total

Growth Period:

MOD13Q1.0006.000113

April 21- August 14

MOD13Q1.0006.000129

Data acquisition:

MOD13Q1.0006.000145

1)April 22 (L) / 23 (R)

MOD13Q1.0006.000161

2)May 8 (L)/ 9 (R)

MOD13Q1.0006.000177

3)May 24 (L)/ 25 (R)

MOD13Q1.0006.000193

4)June 9 (L)/ 10 (R)

MOD13Q1.0006.000209

5)June 25 (L)/ 26 (R)

MOD13Q1.0006.000225

6)July 11 (L)/ 12 (R)
7)July 27 (L)/ 28 (R)
8) August 12 (L)/ 13 (R)

106

Formula

𝑖𝑒=𝑛

∑

(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑖𝑖=1

n=number of data products
for ith observations
ii=Initial data product, and
ie=End data product

𝑖𝑒=𝑛

∑

(𝐷𝑎𝑡𝑎𝑃𝑟𝑜𝑑𝑢𝑐𝑡)
𝑖𝑖=1

n=number of data products
for ith observations
ii=Initial data product, and
ie=End data product

Table A.2

Zone

The results of Mann-Kendal test for the Tmin, Tmean, Tmax, Precipitation, and
Yield from time series of 1980-2019 for irrigated and non-irrigated zone of
Mississippi.
Parameter

Trend

Irrigated Tmin
Increasing
Tmean
Tmax
Precipitation Increasing
Yield

Hypothesis P-value

Zvalue

Kendall MannTau
Kendall’s
score

True

<0.00001 7.855

0.237

28359

True

<0.00001 5.0011 0.151

18054.0

No trend

False

0.141

1.469

0.044

5307.0

Increasing

True

<0.00001 4.794

0.145

17309.0

Increasing

True

0.000

24.987 0.755

90202.0

NonTmin
Increasing
irrigated Tmean
Tmax
Precipitation No trend
Yield

True

<0.00001 4.097

0.0641

105929

False

0.979

-0.026

0.0004

-678.0

Decreasing True

<0.00000 -5.147

-0.081

-133047

Increasing

True

<0.00001 6.201

0.097

160313.0

Increasing

True

0.0000

49.685 0.777

1284239

Hypothesis used “there is a trend of the data for the increase or decrease of the values for each
variable of the study period”. P-value is the level of significance. The details are explained in the
following link (https://vsp.pnnl.gov/help/vsample/design_trend_mann_kendall.htm)
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Table A.3

Multicollinearity of variables for the irrigated zone of Mississippi.

Crop Yield
Crop Yield
1
Tmax
0.021*
Tmean
0.199**
Tmin
0.340**
Precipitation
0.199**
P-value: ** <0.0001; *0.6382

Table A.4

Tmax

Tmean

Tmin

Precipitation

1
0.916**
0.743**
-0.629**

1
0.906**
-0.474**

1
-0.272**

1

Multicollinearity of variables for the non-irrigated zone of Mississippi.

Crop Yield
Tmax
Crop Yield
1
Tmax
-0.125***
1
Tmean
0.029*
0.913***
Tmin
0.149***
0.699***
Precipitation
0.167***
-0.381***
P-value: *0.2168, **0.071, ***<0.0001
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Tmean

Tmin

Precipitation

1
0.914***
-0.183***

1
0.042**

1

Table A.5

Details of the Yield prediction model for Each climatic region of USA for Soybean
crop.

Best Models
Central climatic zone:
𝑦1 = 453.2 + 26.86 ∗ 𝑎1 − 0.39 ∗ 𝑏1 − 1.03 ∗ 𝑑1
𝑦2 = 540.18 + 39.62 ∗ 𝑎2 − 0.26 ∗ 𝑐2 − 1.74 ∗ 𝑑2
𝑦3 = 511.59 + 1.61 ∗ 𝑎3 − 1.16 ∗ 𝑏3 + 1.71 ∗ 𝑐3 − 0.48
∗ 𝑑3
𝑦4 = 563.93 + 35.12 ∗ 𝑎4 − 1.11 ∗ 𝑏4 + 2.21 ∗ 𝑐4
− 0.75 ∗ 𝑑4
𝑦5 = 545.33 + 23.0 ∗ 𝑎5 − 0.94 ∗ 𝑏5 + 1.3 ∗ 𝑐5 − 0.82
∗ 𝑑5
𝑦6 = 84.03 + 156.34 ∗ 𝑎6 − 0.35 ∗ 𝑏5 + 0.70 ∗ 𝑐5
− 0.25 ∗ 𝑑5
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 71.48 + 16.26 ∗ 𝑎1 + 51.66 ∗ 𝑎4 − 100.85
∗ 𝑎5 + 159.72 ∗ 𝑎6 − 0.62 ∗ 𝑏5 + 0.12
∗ 𝑐5 + 1.12 ∗ 𝑑5
East climatic Zone:
𝑦1 = −209.12 + 72.639 ∗ 𝑎1 + 0.673 ∗ 𝑏1 + 0.77𝑐1
𝑦2 = −176.2 + 85.27 ∗ 𝑎2 + 0.99 ∗ 𝑏2 + 0.57 ∗ 𝑐2
− 0.46 ∗ 𝑑2
𝑦3 = −602.3 + 5.56 ∗ 𝑎3 + 0.88 ∗ 𝑏3 + 3.02 ∗ 𝑐3 + 1.12
∗ 𝑑3
𝑦4 = −720.9 + 106.1 ∗ 𝑎4 + 0.98 ∗ 𝑏4 + 2.6 ∗ 𝑐4 + 1.3
∗ 𝑑4
𝑦5 = −868.3 + 73.54 ∗ 𝑎5 + 1.13 ∗ 𝑏5 + 3.47 ∗ 𝑐5
+ 1.76 ∗ 𝑑5
𝑦6 = −738.4 + 201.9 ∗ 𝑎6 + 2.09 ∗ 𝑏5 + 3.47 ∗ 𝑐5
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = −718.2 − 13.7 ∗ 𝑎1 − 2.2 ∗ 𝑎3 + 147.9
∗ 𝑎4 − 83.02 ∗ 𝑎5 + 176.3 ∗ 𝑎6 + 0.13
∗ 𝑏5 + 1.9 ∗ 𝑐5 + 0.68 ∗ 𝑑5
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Adj Rsquare

RMSE

NRMSE

BIC

0.24
0.39
0.15

7.73
6.96
8.18

0.169
0.152
0.179

28446.1
26986.1
29231

0.23

7.79

0.170

28553.6

0.13

8.30

0.182

29427

0.42

6.75

0.148

26563.9

0.49

6.35

0.139

25720.3

0.34
0.43

7.284
6.77

0.162
0.150

18480.9
17809.5

0.36

7.163

0.159

18325.4

0.42

6.822

0.151

17871.7

0.40

6.944

0.154

18036.9

0.66
0.68

5.201
5.11

0.115
0.113

15347.3
15189.5

Table A.5 (continued)
Best Models
North-East Climatic zone:
𝑦1 = 197.9 + 67.0 ∗ 𝑎1 + 1.2 ∗ 𝑐1 − 0.71 ∗ 𝑑1
𝑦2 = 206.14 + 80.3 ∗ 𝑎2 + 0.87 ∗ 𝑐2 − 0.77 ∗ 𝑑2
𝑦3 = 164.81 + 6.08 ∗ 𝑎3 + 1.71 ∗ 𝑐3 − 0.61 ∗ 𝑑3
𝑦4 = 228.6 + 73.13 ∗ 𝑎4 − 0.41 ∗ 𝑏4 + 1.15 ∗ 𝑐4
𝑦5 = 293.6 + 29.66 ∗ 𝑎5 − 0.97 ∗ 𝑏5 + 2.16 ∗ 𝑐5
𝑦6 = −244.3 + 220.2 ∗ 𝑎6 − 1.46 ∗ 𝑏5 + 0.79 ∗ 𝑐5
+ 1.72 ∗ 𝑑5
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = −115.65 + 14.66 ∗ 𝑎1 + 51.8 ∗ 𝑎2 − 4.38
∗ 𝑎3 + 47.27 ∗ 𝑎4 − 79.17 ∗ 𝑎5 + 170.3
∗ 𝑎6 + 0.99 ∗ 𝑏5 − 0.98𝑐5 + 0.76 ∗ 𝑑5
South Climatic Zone:
𝑦1 = 525.9 + 25.67 ∗ 𝑎1 − 1.03 ∗ 𝑏1 − 0.53 ∗ 𝑐1 − 0.64
∗ 𝑑1
𝑦2 = 453.4 + 54.9 ∗ 𝑎2 − 1.54 ∗ 𝑏2 + 0.59 ∗ 𝑐2
𝑦3 = 578.6 + 2.103 ∗ 𝑎3 − 1.03 ∗ 𝑏3 − 0.84 ∗ 𝑑3
𝑦4 = 570.95 + 36.0 ∗ 𝑎4 − 1.06 ∗ 𝑏4 + 0.45 ∗ 𝑐4 − 0.81
∗ 𝑑4
𝑦5 = 610.89 + 29.49 ∗ 𝑎5 − 1.08 ∗ 𝑏5 + 0.39 ∗ 𝑐5
− 0.97 ∗ 𝑑5
𝑦6 = −320.4 + 148.49 ∗ 𝑎6 − 0.59 ∗ 𝑏5 + 1.11 ∗ 𝑐5
+ 1.33 ∗ 𝑑5
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 97.73 + 56.5 ∗ 𝑎2 + 2.87 ∗ 𝑎3 − 142.7 ∗ 𝑎5
+ 142.98 ∗ 𝑎6 + 0.61 ∗ 𝑏5 − 1.17 ∗ 𝑐5
+ 1.55 ∗ 𝑑5
South-East Climatic zone:
𝑦1 = 576.75 + 29.07 ∗ 𝑎1 − 0.93 ∗ 𝑏1 + 0.94 ∗ 𝑐1
− 0.96 ∗ 𝑑1
𝑦2 = 677.9 + 26.48 ∗ 𝑎2 − 1.07 ∗ 𝑏2 + 1.35 ∗ 𝑐2 − 1.16
∗ 𝑑2
𝑦3 = 771.9 − 1.06 ∗ 𝑏3 + 1.78 ∗ 𝑐3 − 1.43 ∗ 𝑑3
𝑦4 = 671.4 + 16.48 ∗ 𝑎4 − 1.17 ∗ 𝑏4 + 2.85 ∗ 𝑐4 − 1.04
∗ 𝑑4
𝑦5 = 548.03 − 0.39 ∗ 𝑏5 + 2.38 ∗ 𝑐5 − 1.35 ∗ 𝑑5
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Adj Rsquare

RMSE

NRMSE

BIC

0.33
0.40
0.21
0.15
0.07
0.43

6.985
6.651
7.607
7.867
8.211
6.416

0.166
0.158
0.181
0.187
0.196
0.153

4745.1
4625.3
4952.9
5053.9
5139.2
4538.6

0.49

6.11

0.145

4425.1

0.12

10.473

0.289

15246.1

0.26
0.10
0.14

9.648
10.638
10.392

0.267
0.294
0.287

14686
15318.2
15167.4

0.12

10.496

0.289

15232.2

0.40

8.673

0.239

13996.2

0.49

8.021

0.221

13493.5

0.22

7.937

0.234

10642

0.27

7.638

0.225

10445

0.19
0.24

8.084
7.817

0.238
0.231

10736
10565

0.14

8.301

0.245

10872

Table A.5 (continued)
Best Models
𝑦6 = 671.45 + 16.5 ∗ 𝑎6 − 1.17 ∗ 𝑏5 + 2.85 ∗ 𝑐5 − 1.04
∗ 𝑑5
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 324.54 + 13.83 ∗ 𝑎2 − 2.28 ∗ 𝑎3 + 31.59
∗ 𝑎4 − 63.55 ∗ 𝑎5 + 140.86 ∗ 𝑎6 − 0.81
∗ 𝑐5 + 1.6 ∗ 𝑑5
West-Northcentral climatic zone:
𝑦1 = −587.3 + 100.78 ∗ 𝑎1 + 0.95 ∗ 𝑏1 + 1.5 ∗ 𝑐1 + 0.9
∗ 𝑑1
𝑦2 = −592.8 + 113.2 ∗ 𝑎2 + 0.99 ∗ 𝑏2 + 0.68 ∗ 𝑐2
+ 0.85 ∗ 𝑑2
𝑦3 = −738.6 + 9.7 ∗ 𝑎3 + 0.58 ∗ 𝑏3 + 4.9 ∗ 𝑐3 + 1.7
∗ 𝑑3
𝑦4 = −742.01 + 148.3 ∗ 𝑎4 + 0.61 ∗ 𝑏4 + 2.78 ∗ 𝑐4
+ 1.67 ∗ 𝑑4
𝑦5 = −795.2 + 146.9 ∗ 𝑎5 + 0.97 ∗ 𝑏5 + 2.28 ∗ 𝑐5
+ 1.54 ∗ 𝑑5
𝑦6 = −1028.7 + 159.3 ∗ 𝑎6 + 1.54 ∗ 𝑏5 + 1.99 ∗ 𝑐5
+ 1.61 ∗ 𝑑5
𝑦𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = −1023.9 + 39.6 ∗ 𝑎1 − 15.6 ∗ 𝑎2 − 6.77
∗ 𝑎3 + 68.78 ∗ 𝑎4 + 142.52 ∗ 𝑎6 + 1.66
∗ 𝑏5 + 1.48 ∗ 𝑐5 + 1.61 ∗ 𝑑5

N.B. All models have a P-value less than 0.001.
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Adj Rsquare
0.24

RMSE

NRMSE

BIC

7.817

0.221

10345

0.33

7.313

0.216

10226.2

0.41

9.409

0.219

11529.6

0.50

8.649

0.202

11096.4

0.53

8.423

0.196

10960.3

0.59

7.827

0.182

10583

0.59

7.865

0.183

10608.3

0.70

6.6753

0.155

9764.8

0.71

6.580

0.153

9694.9

